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ABSTRACT

This thesis explores the dynamics of crowding perceptions and emotional responses
within virtual environments, focusing on the impact of avatar density and representa-
tion. The study aims to extend the understanding of how digital spaces influence user
experiences, particularly as interactions increasingly transition to virtual platforms.

The research problem centers on how varying crowd densities and different avatar
representations affect user perceptions and emotional responses. The study addresses
four primary research questions: the consistency of crowding perceptions and emo-
tional responses (RQ1), the threshold densities at which emotional responses signif-
icantly change (RQ2), the impact of different avatar representations on perceptions
and responses (RQ3), and the linear relationship between avatar density and per-
ceived crowding (RQ4).

Using a within-subjects experimental design, participants were exposed to virtual
environments with varying densities of particle, 2D, and 3D avatars. Data were
collected on users’ crowding perceptions and emotional responses (valence, arousal,
dominance). Results revealed significant inconsistencies in crowding perceptions and
emotional responses across multiple exposures, highlighting the critical role of avatar
representation. 3D avatars led to more consistent experiences compared to particle
and 2D avatars. Threshold densities at which emotional responses changed were
identified, with density 8 being a significant point across various measures. Different
avatar representations significantly impacted perceptions and responses, with particle
avatars generally resulting in less intense emotional responses. Linear relationships
were found between avatar density, perceived crowding, and emotional responses.

The findings emphasize the importance of avatar representation in virtual envi-
ronment design, contributing to a broader understanding of crowding in both virtual
and physical settings. This research bridges the gap between traditional architectural
practice and virtual environments, offering practical recommendations for enhancing

user comfort, satisfaction, and well-being in digital spaces.
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Chapter 1
Introduction

No matter what happens in the
world of human beings, it
happens in a spatial setting, and
the design of that setting has a
deep and persisting influence on

the people in that setting.

The Hidden Dimension,
E. T. Hall [49]

The way people perceive crowding greatly affects their experiences in the spatial
setting, including public transit, shopping centers, and events [44, 20]. Our sense of
the density of people around us influences how comfortable, anxious, or pleased we
feel [23]. This perception can significantly differ depending on the context. For ex-
ample, festivals frequently elicit happy emotions despite the presence of large crowds,
yet the same degree of crowding in public transportation might cause discomfort and
stress [17, 51].

The pollution, crime, and social instability worries in metropolitan regions in the
1960s and 1970s made crowding research increasingly popular [78, 65]. Evidence
from this time period suggests that overpopulation negatively affects people’s mental
health and their ability to engage with others and the natural world [21]. This
has led to a growing reliance on understanding how people experience crowding in
many fields, including transportation, urban planning, engineering, psychology, and
business [85, 67, 47, 19].

Extensive research, both theoretical and practical, has explored the concept of



crowding in the field of architecture [72, 60, 15]. Researchers are investigating the
impact of crowding on people’s desires and preferences in different situations, such as
workplaces, schools, and stadiums, with the aim of optimizing space utilization and
social density [18, 52, 50].

Yet, conventional approaches to design have not undergone much change, even if
our understanding of how people behave in congested environments has progressed [71].
Architects often employ orthographic slices and other two-dimensional representations
to depict environments. The two-dimensional (2D) floorplans are great for seeing po-
tential layouts, but they don’t show you the genuine feel and functionality of the space.
This disparity further complicates the connection between visual communication and
architecture, highlighting the necessity for increasingly advanced technologies such
as three-dimensional (3D) modeling, virtual reality, and augmented reality [38, 36].
These cutting-edge visualization methods provide interactive and immersive means
of efficiently designing and communicating ideas [33].

This issue is particularly evident in residential buildings. It is crucial to thoroughly
analyze the diverse living experiences and preferences of occupants [53]. Enhanced
design strategies that are more true to life and engaging are necessary, as 2D de-
pictions often fall short in capturing this level of complexity. Architects can utilize
advanced techniques to create places that meet the unique needs of their customers.

While tools like 3D modeling and AutoCAD are acknowledged, their integra-
tion into current design processes remains limited in addressing human factors ad-
equately [71]. Architects are often trained to understand and create 2D floorplans
as quick alternatives for space visualization. However, this approach does not fully
consider the complexities of human interaction with space, including social distance
and neurodiversity.

Parallel to these considerations in physical environments, my research extends
this understanding to virtual environments. I examined how different avatar types
and densities affect users’ experiences in digital spaces. Similar to physical environ-
ments, virtual crowding can influence users’ comfort and emotional states, which is
increasingly important as more interactions shift to digital platforms.

My goal in using particle-based, 2D, and 3D avatar representations was to study
how these visual cues affect users’ sense of space, presence, and emotional well-being
in virtual spaces. I used a within-subjects strategy to gather data from people who
were recruited in various ways. Visual representations of areas with varying degrees of

crowding and avatar types were reviewed by participants, ensuring robust and unbi-



ased conclusions. In order to determine how crowd density and avatar representation
affect the sensation of crowding, our study collected a large amount of data. The
results will provide insights into creating both digital and real environments.

In summary, this thesis explores the impact of avatar density and representation
in virtual environments on user perceptions and emotional reactions, deepening our
understanding of crowding perception. By carefully studying several avatar types at
varying crowd densities, this research offers profound insights into the emotional and
psychological dynamics of virtual crowding. These findings are crucial for fostering
more enjoyable experiences, greater engagement, and improved social interactions in
digital contexts.

This thesis bridges the gap between conventional architectural practice and vir-
tual settings by offering new perspectives on collaborative space design. Using virtual
crowding as a tool, it investigates the effects of various spatial configurations and
crowd levels on human behavior and mental health. Applying this knowledge can re-
sult in sustainable design processes that create environments supportive of efficiency
and mental health, ultimately enhancing overall enjoyment and well-being. Addi-
tionally, the relevance of visualization in efficiently communicating urban planning
concepts to various stakeholders and the utility of collaborative design in virtual en-
vironments for urban planning is emphasized, allowing numerous users to participate

and provide input.

1.1 Motivation and Research Questions

Traditionally, architects have used 2D, flat drawings to represent their projects. These
orthographic slices provide a bird’s-eye view of spatial arrangements, but they fall
short of conveying how a space will truly feel and function. While architects can
mentally translate these 2D plans into 3D spaces, the general public sometimes has
trouble doing the same. This gap in understanding emphasizes the need for more
sophisticated tools—Ilike 3D modeling and virtual reality—to bring designs to life in
ways everyone can grasp.

Now, fast forward to the digital age. Virtual environments are becoming increas-
ingly important, not just for gaming or entertainment but for work, social interac-
tions, and even therapy. Here, the concept of crowding takes on new dimensions. Just
as in physical spaces, virtual crowding can influence comfort and emotional states.

But how do these digital crowds—represented by avatars—affect our perceptions and



feelings?

To unravel this, I set out on a research journey. I started by investigating how
consistent people’s emotional reactions and perceptions of crowding are. Just pic-
ture yourself in a virtual area populated by avatars. Is your emotional reaction and
perception of congestion consistent, or does it alter every time you visit? When creat-
ing trustworthy and predictable virtual worlds, consistency is king. All users should
have the same consistent experience in virtual places, and this can be achieved if we

comprehend this. In light of this, the first research question is as follows:

RQ1: How consistent are users’ crowding perceptions and emotional responses (va-
lence, arousal, and dominance) when exposed to varying crowd densities and

different avatar representations (particle, 2D, and 3D) multiple times?

From this research question, four hypotheses have been generated, one of which

is the null hypothesis, and will be examined in this work:

RQ1.Hy: If users are exposed to varying crowd densities with different avatar
representations (particle, 2D, and 3D), their crowding perceptions and emo-
tional responses (valence, arousal, and dominance) will remain consistent across

multiple exposures.

RQ1.Hy: If users are exposed to varying crowd densities with particle avatar
representations, their crowding perceptions and emotional responses (valence,

arousal, and dominance) will significantly differ across multiple exposures.

RQ1.Hy: If users are exposed to varying crowd densities with 2D avatar repre-
sentations, their crowding perceptions and emotional responses (valence, arousal,

and dominance) will significantly differ across multiple exposures.

RQ1.Hs: If users are exposed to varying crowd densities with 3D avatar repre-
sentations, their crowding perceptions and emotional responses (valence, arousal,

and dominance) will significantly differ across multiple exposures.

Additionally, T wanted to determine the density at which users’ emotional re-
sponses begin to alter significantly. The literature suggests that when density exceeds
a certain level, people experience discomfort due to crowding. Like in the physical
world, virtual places probably have a certain density, beyond which being there be-

comes overwhelming. Identifying this threshold aids in the design of surroundings



that minimize negative emotional affects, resulting in a pleasant experience for all

users. That brought us to our second research question:

RQ2: Is there a threshold density at which users’ emotional responses significantly

change?

From this research question, four hypotheses have been generated, one of which

is the null hypothesis, and will be examined in this work:

RQ2.Hy: If avatars are represented in different formats, the thresholds for sig-
nificant changes in users’ emotional responses will remain the same regardless

of the representation (particle, 2D, or 3D).

RQ2.H,: If particle representations of avatars are used, the threshold density
for significant changes in users’ emotional responses will be higher compared to

2D avatar representations.

RQ)2.H,: If particle representations of avatars are used, the threshold density
for significant changes in users’ emotional responses will be higher compared to

3D avatar representations.

RQ2.Hs: If 2D avatars are used, the threshold density for significant changes in

users’ emotional responses will be higher compared to 3D avatar representations.

The next step was for me to learn how various avatar types—such as particles, 2D
figures, and intricate 3D models—impact users’ emotional reactions and perceptions
of crowding. Consider what it would be like to walk into a room full of simple dots
instead of realistic 3D avatars. Your perception of crowd size and your emotional
response to it can be significantly changed by the way these avatars are portrayed.
Having this knowledge is crucial for creating virtual settings that are useful for both

practical and emotional reasons. As a result, the third research question was born:

RQ3: Do different types of avatar representations (particle, 2D, and 3D) and vary-
ing densities of avatars in a virtual environment lead to differences in users’
perceptions of crowding and their emotional responses (valence, arousal, and

dominance)?

From this research question, four hypotheses have been generated, one of which

is the null hypothesis, and will be examined in this work:



RQ3.Hy: 1If different types of avatar representations (particle, 2D, and 3D)
are placed in an environment, there will be no significant differences in users’
perceptions of crowding and their emotional responses (valence, arousal, and

dominance).

RQ3.H,: If particle representations of avatars are placed in an environment,
users’ perceptions of crowding and their emotional responses (valence, arousal,

and dominance) will be less intense compared to when 2D avatars are used.

RQ3.H,: If particle representations of avatars are placed in an environment,
users’ perceptions of crowding and their emotional responses (valence, arousal,

and dominance) will be less intense compared to when 3D avatars are used.

RQ@Q3.Hz: If 2D avatars are placed in an environment, users’ perceptions of
crowding and their emotional responses (valence, arousal, and dominance) will

be less intense compared to when 3D avatars are used.

Finally, I explored the relationship between avatar density and perceived crowding.
Is this relationship linear, or does it follow a more complex pattern? Understanding
this helps in predicting how changes in avatar numbers will affect users’ experiences
and emotions. This insight is vital for managing virtual spaces, whether for virtual
meetings, social gatherings, or online marketplaces. This brought forth the fourth

research question:

RQ4: Is there a linear relationship between avatar density and perceived crowding,
and how do emotions (valence, arousal, dominance) vary linearly with avatar

density for different types of avatar representations?

From this research question, seven hypotheses have been generated, one of which

is the null hypothesis, and will be examined in this work:

RQ4.Hy: If avatar density increases, there will be no linear relationship between
avatar density and perceived crowding, nor will there be a linear variation in
emotional responses (valence, arousal, and dominance) for different types of

avatar representations (particle, 2D, and 3D).

RQ4.H,: If avatar density increases, there will be a linear relationship where

perceived crowding increases for particle representations of avatars.



RQ4.Hy: If avatar density increases, there will be a linear relationship where

perceived crowding increases for 2D representations of avatars.

RQ4.Hj: If avatar density increases, there will be a linear relationship where

perceived crowding increases for 3D representations of avatars.

RQ4.H,: If avatar density increases, the emotional responses (valence, arousal,

and dominance) will vary linearly for particle representations of avatars.

RQ4.Hjy: If avatar density increases, the emotional responses (valence, arousal,

and dominance) will vary linearly for 2D representations of avatars.

RQ4.Hg: If avatar density increases, the emotional responses (valence, arousal,

and dominance) will vary linearly for 3D representations of avatars.

Through this journey, I aim to bridge the gap between traditional architectural
design and the evolving needs of virtual environments. By investigating how avatar
representations and densities affect our perceptions and emotions, I can help create
virtual and physical spaces that truly resonate with our psychological and emotional
needs. My ultimate goal is to enhance comfort, satisfaction, and well-being, whether
navigating a virtual event or moving through a physical building.

This research not only deepens our understanding of crowding in virtual envi-
ronments but also offers valuable insights for real-world design. By leveraging these
findings, architects and designers can create more inclusive, emotionally supportive,
and user-friendly spaces. In essence, this study is about making environments—both
digital and physical—that feel just right for everyone.

By incorporating avatars into the design process, architects can create more user-
centered environments. Realistic avatars can reveal subtle yet significant issues that
might not be apparent through traditional design methods. For example, they can
highlight areas that may feel cramped or uncomfortable, suggest better placements
for amenities, and improve wayfinding solutions.

Moreover, the use of avatars can facilitate communication between designers,
stakeholders, and clients by providing a more tangible and relatable representation of

the human experience within the proposed designs.



1.2 Research Objectives

The main objective of this thesis is to examine how different types and quantities of
avatars impact our comfort, emotions, and overall experiences in virtual environments.
The study explores the impact of different types and numbers of avatars on our
emotions and interactions in virtual environments, whether they are simple dots, flat
shapes or realistic 3D individuals.

Many times, traditional architecture design employs difficult-to-understand, flat,
two-dimensional drawings. Using particle representations of people and 3D modeling,
this work takes one step further in trying to close the gap between outdated techniques
and the real requirements and perceptions of users.

Picture yourself stepping into a virtual room filled with lively avatars. How do the
number of these digital figures affect how you perceive space and your overall state of
mind? How does the visual appearance of different elements impact your emotions?
Whether they are simple dots, flat shapes, or intricate 3D figures, how does it influence
your feelings? This research aims to address these questions, providing insights that
can assist designers in developing environments—whether virtual or physical—that
are not only more efficient and user-friendly, but also more emotionally supportive
and inclusive.

The ultimate goal is to change how we think about space and design, making
environments that are more in tune with our psychological and emotional needs. By
understanding how we perceive crowding and how it affects our emotions, this study
alms to create spaces that enhance our comfort and satisfaction, whether we are

navigating a virtual event or moving through a physical building.

1.3 Thesis Overview
In answering the above RQs, this work provides the following contributions:

Contribution 1: We conducted an in-depth analysis of users’ perceptions of crowd-
ing and their emotional responses (valence, arousal, and dominance) in virtual
environments with varying densities of avatars. Our findings reveal significant
differences in crowding perceptions and emotional responses based on the type
of avatar representation (particle, 2D, and 3D). This highlights the importance

of avatar representation in virtual environment design.



Contribution 2: Our study identified threshold densities at which users’ emotional
responses significantly change. This insight can inform the design of virtual

environments to optimize user experience and emotional well-being. .

Contribution 3: We investigated the consistency of users’ crowding perceptions and
emotional responses when exposed to varying crowd densities and different
avatar representations multiple times. Our results show that crowding per-
ceptions and emotional responses are not consistent across repeated exposures,
varying significantly based on the type of avatar representation. This under-
scores the need for careful consideration of avatar representation for collabora-

tive design.

Chapter 1 introduces a summary of the topic, including definitions and the re-
search questions. It also presents the open problem that will be addressed, along with
its context, impact, and overall motivation for the research.

Chapter 2 provides an overview of related work in the field of crowding perception
and architectural design. It discusses previous research studies and highlights gaps
in the existing literature that this thesis aims to address. The review serves as a
foundation for the thesis’s research questions and methodology. Specific focus areas
include a psychological theory of crowding and the differences between 2D, 3D, and
particle representations.

Chapter 3 describes the research methodologies used in this thesis, including quan-
titative data collection and analysis techniques. It outlines the study design, including
the densities and avatar representations used in the experiments, and the survey used
for measuring crowding perception. The chapter also addresses each research ques-
tion individually, explaining the approaches taken to ensure data quality and ethical
compliance.

Chapter 4 presents the findings of the thesis. It provides a detailed analysis of
the study execution and participant responses. This chapter answers all the research
questions, analyzing user consistency and perception for repeated stimuli, and explor-
ing the influence of avatar representations and densities on crowding perception and
emotional responses. The analysis includes various statistical measures and compar-
isons to ensure robustness.

Chapter 5 reiterates the research findings and discusses their implications. The

discussion highlights the practical implications for both virtual environment designers
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and architectural stakeholders, considering impacts on the design of physical or digital
environments.

Chapter 6 summarizes the key findings and discussions of the thesis. The chapter
consists of a restatement of the claims and results of the thesis and discusses potential
future work. It provides a critical evaluation of the methodology, limitations, and
potential threats to validity. It also provides a final reflection on the study’s impact,
contributions, and suggests future research directions based on the limitations of the

current thesis.



11

Chapter 2

Literature Review

2.1 Introduction

This chapter begins by reviewing crowding perception as a whole, providing a brief
history and theoretical background, to contextualize this work. Following this, a
review of how density and avatars are represented in architectural designs is provided.
Finally, I narrow down to a more specific scope, concluding this chapter with related
works and a brief discussion on how this work is novel compared to them.

My work combines psychological theory, computer science, and architectural de-
sign, creating an interdisciplinary study that aims to unravel the complexity behind
crowding perception. The value of this integrated approach arises not only from its
emphasis on interdisciplinarity, but also from the requirement for a broad perspec-
tive when investigating human-environment interactions in both the real and digital

worlds.

2.2 A psychological theory of crowding

This section explores the theoretical foundations upon which my thesis is based,
examining a wide range of concepts related to crowding perception. It investigates

how individuals experience and interpret crowded environments.

2.2.1 Density versus Crowding

The presence of crowding may manifest across several socioeconomic layers, ranging

from packed residences to large urban centers, which poses challenges in compre-
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hending its nature. An important obstacle is the absence of consistency on the term
”crowding,” which is often confused with ”density” [12, 43].

Stokols [77] clarified the distinction by stating that density is a measure of peo-
ple or objects per unit area, while crowding is a motivational state resulting from
perceived space limitations. According to Stokols, crowding may occur when an in-
dividual desires more space than is available. Density alone cannot explain crowding
because personal and social factors significantly influence it. Therefore, researchers
must consider these factors when studying crowding. By examining crowding per-
ception as countable, measurable phenomena and its spatial, social, and personal
aspects, we can better manage it. This thesis focuses on Stokols” definition of crowd-
ing, emphasizing the importance of distinguishing it from density.

Perceived crowding due to physical density and individual space requirements can
worsen discomfort, stress, and negative emotional responses, such as anxiety and
irritability, especially among those intolerant of close proximity. Stokols” model in

Figure 2.1 illustrates how humans respond to crowding [78].

2.2.2 Exploring the Complexities of Crowding

Crowding perception affects how we deal with different environments, from crowded
streets during peak hours to calm and peaceful places in nature. Over time, as the
state-of-the-art evolved, various frameworks and taxonomies were created to define
and categorize crowding perception [22, 51, 6]. Among them is the division of crowd-
ing perception into two categories: social crowding and non-social crowding [78].

In urban areas or crowded settings like events or concerts, the term ”social crowd-
ing” refers to the phenomenon whereby the presence of others alters our perception.
For instance, during rush hour after work, many of us have to compete for a spot
on the bus or move through a crowd of people to walk. According to Sun and Bu-
druk [79], how our culture shapes who we are as individuals also affects how we deal
with social crowding.

Cultural anthropologist Edward T. Hall studied how culture affects how we use
space and adjust social distances. He popularized the term ” proxemics” [49], the study
of how individuals from various cultural backgrounds understand and utilize social
and personal space. According to Hall’s theory, our comfort levels with crowding and
interpersonal distances are not the same for everyone and can differ greatly based on

cultural norms and customs.
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Imagine you are a boy who grew up in a community in Brazil called a favela. You
grew up in a place known for its cramped infrastructure, where it’s common to hear
your neighbor’s music playing in your room and have several siblings living with you,
getting used to sharing spaces or walking very close to others in narrow streets. This
experience shapes you to adapt to high densities of people and resources, where noise
or proximity to others may not affect you negatively as it might affect those with
different experiences and cultures. However, in some cultures, close physical contact
can be uncomfortable and unwanted, and personal space is highly valued, with even
slight intrusions causing discomfort.

Environmental psychologist Robert Sommer, in ” Personal Space: The Behavioral
Basis of Design [76],” examines how the type of activity being conducted in a par-
ticular environment affects crowding perception as well. A busy marketplace might
feel less crowded than a cramped elevator, even if both have the same number of
people, because of the nature of activities and expectations in those spaces [28]. In
summary, there are no neutral environments. Humans develop environments, and
once constructed, these environments shape the humans who inhabit them. After all,
every environment generates physical and psychological reactions in humans.

These two researchers’ reflections on how we, as culturally formed individuals, fit
into environments with particular objectives and activities highlight the complexity
and multitude of factors that influence how people perceive crowding.

The term "non-social crowding”, on the other hand, arises from physical factors
without the direct presence of other people. People may feel crowded even when they
are alone if they don’t have enough personal space or privacy. Also, a cluttered or
unorganized setting can lead to feelings of non-social crowding, as well as loud noises
and bright lights [55]. This type of crowding can be experienced in natural environ-
ments or built spaces where the layout or conditions create a sense of confinement.
For instance, going for a hike in Canada on a narrow and winding trail in a dense
forest affects us differently than being in a cluttered room filled with furniture.

From these two categories of crowding, we can direct the next phase of our back-
ground discussion related to the literature on crowding perception towards how it
is influenced by both environmental and personal factors [16, 66]. Personal factors
include an individual’s emotional state, personality, and sense of control over their
environment. Someone who feels stressed or anxious is likely to perceive a crowded
space as more overwhelming than someone who feels calm and in control. Environ-

mental factors such as the amount and arrangement of space, temperature, and noise
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levels play crucial roles in non-social crowding. A small room with loud machinery
might feel oppressive, even if you are alone. The arrangement of physical space can
thus significantly impact crowding perception.

Group dynamics also play a role. In social settings, the type of activity and the
relationships among individuals can affect crowding perceptions [26]. A gathering of

close friends might feel less crowded than a similar-sized group of strangers because

Q.

of the comfort and familiarity among friends.

ENVIRONMENTAL QUALITIES (E)

Physical

- Amount and arrangement of space.

- Stressors such as noise, glare,
exposure time, pollution, and

temperature.
Social EXPERIENCE OF STRESS (S)

- Allocation of status and power.

- Division of labor.
- Social interference arising from Psychological RESPONSE TO STRESS (R)

coordination problems and Cognitive inconsistency.
competition. - Emotional imbalance (infringement, - Behavioral, perceptual, and
ahena.tlon)‘. cognitive responses that have either
- Physiological adaptive or maladaptive
- Disequilibrium of internal factors consequences.

(rise in blood pressure,

PERSONAL ATTRIBUTES (P) temperature, hormonal secretion).

- Momentary states (hunger, arousal)

- Idiosyncratic skills and weaknesses
(intelligence, strength, and agility)

- Personality traits and behavior
patterns

0

Figure 2.1: Human response to crowding from Stolko, 1972. The model is divid-
ing crowding perception through four basic dimensions. These include: personal
attributes (P) such as temporary conditions, individual differences, long-term per-
sonality traits, and habitual behaviors; environmental qualities (E), covering physical
factors like space and noise, and social factors like allocation of status and division
of labor; the experience of stress (S), involving psychological elements like cognitive
inconsistencies and emotional imbalances, and physiological elements like internal
disequilibrium; and the response to stress (R), which encompasses the behavioral,
perceptual, and cognitive responses that can be adaptive or maladaptive based on
the individual’s coping mechanisms.

A model create by Stokols [78] helps to understand how these different factors
navigate between different dimensions. As illustrated in Figure 2.1, the model is di-
vided into four basic dimensions in crowding perception, which range from personal

attributes (P), including temporary conditions, individual differences, long-term per-
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sonality traits, and habitual behaviors that influence crowding perception; to envi-
ronmental qualities (E), which encompass environmental factors, social structures,
and interactions that affect perception; to the experience (S) resulting from this,
including cognitive inconsistencies, emotional imbalances, and internal physiological
imbalances caused by stress; and the response (R) to that experience, reflecting the
various behavioral, perceptual, and cognitive responses individuals exhibit when faced
with stress. These responses can have adaptive (positive) or maladaptive (negative)
consequences depending on the situation and the individual’s coping mechanisms.
There are five main steps in how people experience and deal with crowding, ac-

cording to the model. These steps happen in order:

(1) Interaction: How the environment (E) and personal attributes (P) affect

a person. This determines what they notice and how important it is to them.

(2) Perception: How the interaction between the environment and personal
attributes makes someone feel crowded and stressed, both mentally and physi-

cally.

(3) Response: How a person tries to reduce their stress, through changes in

thinking, perception, or behavior.

(4) Action: The person does something specific to cope with the crowding,
like moving to a less crowded area (environmental change, 4a) or changing how

they view the situation to make it more bearable (personal change, 4b).

(5) Outcome: The results of these changes, which can be positive (adaptive)
or negative (maladaptive), affecting both the environment (5a) and the person
(5b).

In the present framework, a response is adaptive to the extent that it relieves
either environmental or personal sources of strain and breaks the cycle of crowding
stress. A response is maladaptive to the degree that it intensifies stress due to envi-
ronmental and personal factors and thereby perpetuates the cycle of crowding stress.
According to this model, there is a complex interplay between individual character-
istics, stressful experiences, and environmental factors that affect stress responses.
Each component can interact with others, shaping the overall response to crowding

perception in adaptive or maladaptive ways. This framework helps us gain a better



16

psychological understanding of crowding that can help us manage its social impacts

and broader consequences.

2.3 Architecture, Crowd Simulation and Avatar

Representations

Architecture plays a crucial role in shaping human experiences and behaviors within
a built environment. The purpose of any building, whether for residence, leisure, or
work, is to support human life [84].

The design of spaces can influence how people interact, move, and feel. Un-
derstanding the impact of architectural elements on human behavior is essential for
creating spaces that are not only functional but also pleasant. In other words, anyone
who visits should be able to move around and inhabit the space without experiencing
stress or undue effort. Therefore, as shown by the literature on crowding perception in
Section 2.2, it is important for us to design environments that account for all observ-
able phenomena, such as motion, as well as unseen factors like psychological, cultural,
and other individual or environmental aspects. This means we need to consider not
only the physical arrangement but also the social and behavioral dimensions.

Current design standards and guidelines heavily depend on specific, predeter-
mined values for factors, such as those related to space, capacity, or design [70],
and might not fully align with real-world scenarios. When considering crowding
perception, differences in individual physical characteristics, and various social and
behavioral aspects, the practical application of these guidelines can be quite different,
as the complexity and variability of human experiences might affect the accuracy of
straightforward numerical estimates in real-life situations.

Crowd simulation allows designers to meticulously predict and analyze how people
will move and interact within a designed space [82]. Through the simulation of
various scenarios, architects explore space usage, overcrowding, movement flows, and
accessibility. Crowd simulation is a powerful tool for enhancing the user experience
of such a location.

However, the approach to conducting crowd simulations can vary. In these simula-
tions, virtual representations of individuals, often referred to as avatars, are employed
and can be crafted in diverse manners. One straightforward technique involves utiliz-

ing point-like particles, which essentially denote locations in space [31, 58]. While this
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approach lacks in capturing detailed nuances, the use of circular particle representa-
tions for agents has a long-standing history and remains prevalent in the literature,
likely making it the most widely adopted method in crowd simulation studies [29, 24].
Another alternative is to use dynamic two-dimensional (2D) avatar representa-
tions, which is advantageous for capturing avatar animations and facilitating a diverse
variety of characters, but there is still a lack of realism in this option [57, 70, 71].
While most crowd simulations focus on flat, two-dimensional spaces, a new ap-
proach is emerging for more realistic avatars with the use of three-dimensional (3D),
virtual reality (VR), and augmented reality (AR) to explore the perception of crowd-
ing [71]. The 3D approach includes the use of complex shapes to represent agents
and plan their movements in a more realistic and three-dimensional way. As noted in
the social psychology literature, human behavior can be influenced by the presence
of others, even if those others are virtual avatars [84]. Because of this, incorporating
realistic avatars into the architectural design process can be beneficial and should
be considered standard practice. In the next section, I explore more related work in

more realistic contexts.

2.4 Related Work

In the context of virtual environments and built space design, it is essential to explore
how different visualization methods and human representations influence perception
and interaction. Although extensive research exists in Human-Computer Interaction
(HCI) regarding virtual environments, perception, and scale, there is a gap in studies
focusing on the design process for built environments. There is growing interest in
enhancing digital experiences and their emotional impacts, but fewer studies address
the improvement of current building design processes and the role of more realistic
approaches as 3D or VR in futuristic design processes [87].

One relevant study is by Obeidat et al. [62], which investigated how first-year
design students’ opinions of spatial qualities change when various human avatars are
included in a specific environment. This study emphasizes how different represen-
tations affect users’ emotional and psychological responses, focusing on architectural
education and how students perceive digitally designed spaces. The authors found
that human figures in architectural visualizations improve distance and scale percep-
tion, making spatial judgments more accurate. This insight suggests that including

realistic avatars in virtual environments could enhance users’ perception of crowding
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and their emotional responses, which aligns with my work examining different avatar
types (particle, 2D, 3D) and their impact on crowding perception among a diverse
group of participants.

Moreover, Zibrek et al. [88] examined how photorealistic and stylized virtual char-
acters influence social presence and emotional reactions in VR environments. Their
findings indicate that photorealism increases the illusion of being in a real space and
affects emotional responses based on visual realism. This suggests that the realism
of avatars can significantly influence users’ perceptions and emotional reactions in
virtual environments, which is pertinent to my research on avatar density and repre-
sentation. However, they also found that the rendering style did not affect the illusion
of presence, highlighting the complexity of these interactions.

Furthermore, recent studies have shown that the existence and realism of virtual
avatars influence how individuals perceive and act in a setting [84, 32]. For exam-
ple, Sanz-Blas et al. [67] explored crowding perceptions in leisure travel destinations,
focusing on tourists’ experiences and their satisfaction, future behavioral intentions,
and electronic word-of-mouth behaviors. Their findings reveal that crowding neg-
atively impacts tourist satisfaction and future behavioral intentions, which extends
the understanding of crowding perceptions to virtual environments. This is relevant
to my study, which examines how avatar density and representation influence user
comfort and emotional states, indirectly affecting user satisfaction and engagement
in virtual settings.

Additionally, Koilias et al. [40] explored how different parameters of a virtual
crowd—such as density, speed, and direction—affect human movement behaviors
within a virtual environment. They found that virtual crowd density and speed
significantly impact participants’ walking speeds, deviations, and trajectory lengths.
This highlights the importance of crowd parameters in shaping user experiences in
virtual environments, aligning with my research focus on how individuals interact
with virtual crowds.

In a related vein, Berton et al. [9] studied the impact of crowd density on where
people look and how they move, using VR to examine human locomotion in dynamic
environments. Their research showed that as crowd density increases, participants’
focus remains frequent but narrows to concentrate more on individuals directly in
front. This finding is relevant as it underscores how crowd density affects visual
attention and spatial navigation.

Furthermore, Schwartz et al. [71] examined the effects of different visualization
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methods on space planning in architecture, focusing on how human form represen-
tations impact designers’ and the general public’s perception of space occupancy.
They found that visualization type significantly affects occupancy estimates, with
integrated manikins preferred for estimating space usage. This study provides foun-
dational insights for developing design tools that better integrate human factors, par-
alleling my work on avatar density and representation in virtual environments and
their impact on user experience. While their research focused on physical space plan-
ning, my study extends this by examining emotional responses and crowding percep-
tions in virtual spaces, thereby broadening the understanding of human-environment
interactions.

In summary, the existing literature demonstrates the critical role of visualization
and human representation in shaping perceptions and behaviors in both physical
and virtual environments. These studies collectively inform and support the objec-
tives of my research, which aims to deepen our understanding of how avatar density
and representation influence crowding perception and emotional responses in virtual
environments. By building on these insights, my work contributes to a more compre-
hensive approach to designing and evaluating virtual spaces, enhancing user comfort,

satisfaction, and engagement.
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Chapter 3

Methodology

In this chapter, I present the user study conducted as part of my master’s research.
In Section 3.1, I first discuss the research gaps and objectives, highlighting their
relevance in relation to existing literature. Then, in Section 3.2, I provide an overview
of the methodology used in this study, including experiment design, data collection,
and analysis techniques employed. Finally, I briefly touch on ethical approval and

compliance procedures in Section 3.8.

3.1 Study Overview

The main objective of my study is to investigate how different types of avatar represen-
tations (particle, 2D, or 3D) and various densities of avatars in a virtual environment
affect users’ perception of crowding and their emotional responses. Specifically, I
aim to examine if people’s perceptions and emotional responses differ with crowds of
different densities represented by various types of avatars, identify thresholds where
significant changes occur, and discover the overall relationship between the number
density of avatars and crowding perception by participants. I conducted a prelimi-
nary investigation to gain more insights into crowding and its influence on emotions.

The following research questions and theories serve as a guide for this thesis:

RQ1: How consistent are users’ crowding perceptions and emotional responses (va-
lence, arousal, dominance) when exposed to varying crowd densities and differ-

ent avatar representations (particle, 2D, and 3D) multiple times?

RQ1.Hy: If users are exposed to varying crowd densities with different avatar rep-

resentations (particle, 2D, and 3D), their crowding perceptions and emo-
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tional responses (valence, arousal, and dominance) will remain consistent

across multiple exposures.

If users are exposed to varying crowd densities with particle avatar repre-
sentations, their crowding perceptions and emotional responses (valence,

arousal, and dominance) will significantly differ across multiple exposures.

If users are exposed to varying crowd densities with 2D avatar repre-
sentations, their crowding perceptions and emotional responses (valence,

arousal, and dominance) will significantly differ across multiple exposures.

If users are exposed to varying crowd densities with 3D avatar repre-
sentations, their crowding perceptions and emotional responses (valence,

arousal, and dominance) will significantly differ across multiple exposures.

RQ2: Is there a threshold density at which users’ emotional responses significantly

change?

RQ2.H0:

RQ2.H1:

RQ2.HQ:

RQ2.H3:

If avatars are represented in different formats, the thresholds for significant
changes in users’ emotional responses will remain the same regardless of

the representation (particle, 2D, or 3D).

If particle representations of avatars are used, the threshold density for
significant changes in users’ emotional responses will be higher compared

to 2D avatar representations.

If particle representations of avatars are used, the threshold density for
significant changes in users’ emotional responses will be higher compared

to 3D avatar representations.

If 2D avatars are used, the threshold density for significant changes in users’

emotional responses will be higher compared to 3D avatar representations.

RQ3 Do different types of avatar representations (particle, 2D, and 3D) and vary-

ing densities of avatars in a virtual environment lead to differences in users’

perceptions of crowding and their emotional responses (valence, arousal, and

dominance)?

RQg.HO:

If different types of avatar representations (particle, 2D, and 3D) are placed
in an environment, there will be no significant differences in users’ percep-
tions of crowding and their emotional responses (valence, arousal, and

dominance).
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If particle representations of avatars are placed in an environment, users’
perceptions of crowding and their emotional responses (valence, arousal,

and dominance) will be less intense compared to when 2D avatars are used.

If particle representations of avatars are placed in an environment, users’
perceptions of crowding and their emotional responses (valence, arousal,

and dominance) will be less intense compared to when 3D avatars are used.

If 2D avatars are placed in an environment, users’ perceptions of crowding
and their emotional responses (valence, arousal, and dominance) will be

less intense compared to when 3D avatars are used.

RQ4: Is there a linear relationship between avatar density and perceived crowding,

and how do emotions (valence, arousal, dominance) vary linearly with avatar

density for different types of avatar representations?

RQ4.H0:

RQ4.H1:

RQ4.HQ:

RQ4.H3:

RQ4.H4:

RQ4H5

RQ4.H6:

If avatar density increases, there will be no linear relationship between
avatar density and perceived crowding, nor will there be a linear varia-
tion in emotional responses (valence, arousal, and dominance) for different

types of avatar representations (particle, 2D, and 3D).

If avatar density increases, there will be a linear relationship where per-

ceived crowding increases for particle representations of avatars.

If avatar density increases, there will be a linear relationship where per-

ceived crowding increases for 2D representations of avatars.

If avatar density increases, there will be a linear relationship where per-

ceived crowding increases for 3D representations of avatars.

If avatar density increases, the emotional responses (valence, arousal, and

dominance) will vary linearly for particle representations of avatars.

If avatar density increases, the emotional responses (valence, arousal, and

dominance) will vary linearly for 2D representations of avatars.

If avatar density increases, the emotional responses (valence, arousal, and

dominance) will vary linearly for 3D representations of avatars.

By conducting this research, I aim to understand how virtual environments and

avatar representations influence user experiences. This research will help design more

effective and user-friendly virtual spaces, develop guidelines to enhance user comfort



23

and emotional well-being, and improve architectural design processes. Additionally,
the study will investigate how incorporating avatars can enhance collaborative design

by better addressing user needs and perceptions.

3.2 Study Design

Our research used a within-subjects design, in which all participants underwent the
same conditions of experimentation that varied by representation and density of

avatars. The general flow of the experiments was as follows, see also Figure 3.1.
PARTICIPANT DEMOGRAPHIC
%
0e®
= =) T =

Read instructions, Participant answer Viewing and

Recruit users informed consent 7 questions responding to stimuli

Figure 3.1: Flow of user study. The first step, titled “Participant Recruitment,*
involves recruiting users. The second step, “Consent Form,“ is the process where
the user reads the form and gives consent to proceed with the experiment. The
third step, “Demographic Assessment,“ includes seven demographic questions that
the participant needs to answer before proceeding to the next step. The final step,
“Experiment, “ is the main part of the study, where the user views 90 images and
responds to 360 questions.

To gather participants, we utilize multiple recruitment strategies. We sent out
emails through a University of Victoria (UVic) email list. Additionally, snowball re-
cruitment was employed to broaden the participant pool; this involved asking recipi-
ents of the email invitation to forward it to others who might also want to participate.
We also used social media to reach more people and get participants from different
backgrounds to join.

Upon agreeing to participate, participants had to read a consent form that has
been reviewed and approved by the University of Victoria Ethics Board. This form
describes the study and guarantee that participants understand everything before
they begin. To proceed, participants must agree to the study and confirm that they
have the age of 18 or older. If they qualify, they will begin the main survey on

Qualtrics.
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Figure 3.2: The image shows three types of stimuli representing the same environ-
ment. From left to right: (a) a 2-dimensional room seen from above populated with
particle avatars; (b) a 2-dimensional room seen from above using 2D avatars; and (c)
a 2-dimensional room from above using 3D avatars.

All participants accessed the survey through a desktop view, as Qualtrics did not
allow individuals using mobile devices to participate in the study. The survey consists
of viewing stimuli depicting a room filled with avatars. There are three types of stimuli
representing the same environment, as shown in Figure 3.2: (a) 2-dimensional rooms
seen from above populated with particle avatars; (b) 2-dimensional rooms seen from
above but using 2D avatars instead; and finally (c) the third condition shifts to the

same 2-dimensional room from an aerial perspective, filled with 3D avatars.

3.2.1 Densities

The study looks at ten different crowd sizes: 3, 5, 8, 13, 22, 36, 60, 98, 162, and 266
people. These sizes show how crowded a place can be, from very empty to very full.
For each crowd size, the study uses three types of avatars: particles, 2D avatars, and
3D avatars. Table 3.2 illustrates the different conditions tested.

Each of the 30 unique combinations (from 10 crowd sizes and 3 avatar types)
is shown to participants three times. Repeating them helps make sure the results
are accurate and not affected by random answers. So, participants see a total of 90
different images (30 combinations x 3 times each).

To make sure the results are accurate, with good reliability, the order and density
in the images are shown in random order. This randomness is important because
it stops participants from guessing patterns or getting used to the pictures. By
changing the sequence and crowd sizes randomly, the study gets honest reactions
about crowding, making the findings more useful for real-life situations.

This approach to examining different densities and avatar representations allows
the study to investigate how various factors contribute to the perception of crowding.

The diverse range of densities, combined with the detailed and varied avatar repre-
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sentations, creates a detailed set of data that can give us a better understanding of

how people perceive crowded spaces and what that means for designing buildings and

environments.
Density (people) Particle | 2D Avatar | 3D Avatar | Total Stimuli
3 Yes Yes Yes 2
) Yes Yes Yes 2
8 Yes Yes Yes 2
13 Yes Yes Yes 2
22 Yes Yes Yes 2
98 Yes Yes Yes 2
266 Yes Yes Yes 2
Total (per variation) 7 7 7 14

Table 3.1: Breakdown of stimuli by density and avatar representation. Each density
is shown in three variations (particle, 2D, and 3D avatars). Since each stimulus is
presented two times, the total number of stimuli shown in the study is 42 (14 stimuli
X 2 repetitions).

Density (people) Particle | 2D Avatar | 3D Avatar | Total Stimuli
3 Yes Yes Yes 3
5) Yes Yes Yes 3
8 Yes Yes Yes 3
13 Yes Yes Yes 3
22 Yes Yes Yes 3
36 Yes Yes Yes 3
60 Yes Yes Yes 3
98 Yes Yes Yes 3
162 Yes Yes Yes 3
266 Yes Yes Yes 3
Total (per variation) 10 10 10 30

Table 3.2: Breakdown of stimuli by density and avatar representation. Each density
is shown in three variations (particle, 2D, and 3D avatars). Since each stimulus is
presented three times, the total number of stimuli shown in the study is 90 (30 stimuli
x 3 repetitions).

3.2.2 Avatar Representations

The study uses three types of avatar representations to see how different looks affect

the crowding perception.



26

Firstly, particles are utilized due to their widespread application in crowd sim-
ulation and architectural contexts [30, 34, 81]. These simple representations are
frequently employed to illustrate crowd density because they effectively convey the
number of individuals in a given space without the complexities associated with de-

tailed human figures. Figure 3.3 shows the stimuli for particles with densities of 3,
36, and 162.

Figure 3.3: The image shows three sections illustrating particle avatars with different
crowd densities. The first section on the left has a few particles, representing a
density of 3. The middle section has more particles, representing a density of 36. The
section on the right is densely packed with particles, representing a density of 162.
Each section depicts a 2-dimensional room seen from above, using simple blue dots
to represent individuals in the space.

Secondly, the study incorporates 2D avatars, which are a standard reference for
human dimensions in architectural design [86]. These avatars offer a more relatable
yet still somewhat abstract representation of people. By using 2D avatars, the study
bridges the gap between the simplicity of particle representations and the complexity
of fully-rendered 3D figures. 2D avatars allow participants to better visualize the pres-
ence of other individuals in the space, which can influence their crowding perception.
Figure 3.4 shows the stimuli for 2D with densities of 3, 36, and 162.

Figure 3.4: The image shows three pictures with different crowd densities of 2D
avatars to represent people. The first picture on the left has a few avatars, representing
a density of 3. The middle picture has more avatars, representing a density of 36.
The picture on the right is full of avatars, representing a density of 3162. Each picture
looks down from above and uses simple 2D shapes to show the crowd.
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Lastly, the study employs 3D avatars to provide the most realistic portrayal of
the human form. These avatars, similar to those used in virtual reality studies,
offer detailed and lifelike representations of people [69, 32]. Previous research has
shown that 3D digital modeling facilitates the exploration of functional aspects of
design and promotes exploratory creativity. By using 3D avatars, the study aims
to capture the most accurate and immersive experience of crowding, reflecting real-
world conditions where the depth and volume of human figures significantly influence
perception. This approach ensures a human-centered design perspective, enhancing
ergonomic assessments and improving simulation accuracy [69]. Figure 3.5 shows the
stimuli for 3D with densities of 3, 36, and 162.

iR

Figure 3.5: The image shows three pictures with different numbers of 3D avatars to
represent people. The first picture on the left has a few avatars, showing 3 people.
The middle picture has more avatars, showing 36 people. The picture on the right
is full of avatars, showing 162 people. Each picture looks down from above and uses
detailed 3D shapes to show the crowd.

Each type of avatar representation provides a different level of detail and realism,
allowing the study to assess how these variations influence participants’ crowding
perception. The use of particles, 2D avatars, and 3D avatars in varying densities and
contexts enables a comprehensive examination of the factors that contribute to the
feeling of being in a crowded environment. This layered approach ensures that the
findings are robust and applicable to a range of scenarios, from abstract planning

stages to detailed, realistic simulations.

3.2.3 Survey for Measuring Crowding Perception

Participants are asked to report how crowded they perceive each environment to be.
For this purpose, the Likert scale was utilized. The Likert scale is a research technique
frequently used in perception and attitude studies to measure people’s reactions to
concepts or objects [27, 61]. Developed by Rensis Likert in the 1930s [48], this scale

uses a series of statements or questions with graduated response options to assess
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respondents’ opinions. Participants rated the number of avatars as they viewed each
stimulus, ranging from “not crowded at all“ to “way too crowded“ (1—5), as can be

seen in Figure 3.6. This method is widely used to measure perceived crowding [5].

How crowded do you feel the room in the image is?

Q85.2. Valence - how positive or negative you feel about the crowdedness in the image
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Q85.3. Arousal - the intensity or energy level you feel given the crowdedness in the image
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Q85.4. Dominance - the level of control you feel given the crowdedness in the image
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Figure 3.6: The image shows a survey interface with four sections, each containing
questions about crowding and emotional responses. A horizontal Likert scale asks
participants to rate how crowded they feel the room in the image is. Options range
from “Not crowded at all“ to “Way too Crowded.“ A row of five cartoon faces rep-
resents the valence scale, asking participants to rate how positive or negative they
feel about the crowdedness in the image. The faces range from very unhappy to
very happy. Another row of five cartoon faces represents the arousal scale, asking
participants to rate the intensity or energy level they feel given the crowdedness in
the image. The faces range from very calm to very excited. The last row of five
cartoon faces represents the dominance scale, asking participants to rate the level of
control they feel given the crowdedness in the image. The faces range from feeling
very powerless to very powerful.

The survey also includes subsequent questions designed to assess emotional re-
sponses to crowding using three specific dimensions: valence (positive or negative
feelings), arousal (intensity of energy level), and dominance (level of control). The
Self-Assessment Manikin (SAM) scale, based on Bradley’s 1994 study [11], is used to
assess emotional responses. Table 3.3 illustrates the different scales from 1 to 5 [46].

The SAM scale uses sequences of humanoid figures to represent gradations along

three bipolar affect dimensions:
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Scale Valence Arousal Dominance Crowding

1 Unpleasant Calm Controlled 1;(1)'5 crowded at

2 Unsatisfied Dull Powerlessness Not crowded

3 Neutral Neutral Neutral COmfo.rtably
Occupied

4 Pleased Wide-awake Powerful Somewhat
crowded

d Pleasant Excited In-control Way too
Crowded

Table 3.3: The table categorizes different scales from 1 to 5, providing descriptions for
each scale in terms of four dimensions: Valence, Arousal, Dominance, and Crowding.
This table is used to rate different subjective experiences across the dimensions of
emotional valence (pleasure or displeasure), arousal (calm or excited), dominance
(feeling in control or not), and crowding perception [11, 46].

e Arousal: Ranges from feeling active (e.g., alert, excited) to feeling inactive

(e.g., uninterested, bored).

e Valence: Ranges from unpleasant feelings (e.g., sad, stressed) to pleasant feel-

ings (e.g., happy, elated) .

e Dominance: Ranges from feeling helpless and out of control to feeling empow-

ered and in control.

Participants are instructed to select the range for arousal, dominance, and valence
that best represents their feelings while viewing an image of a crowded space. SAM
scale is easy to administer, non-verbal, and allows for the quick assessment of pleasure,
arousal, and dominance in response to an event. Additionally, it is well-validated in
the literature [64, 10, 56, 39].

For each stimulus, participants were required to answer four questions. The first
question assessed their perception of crowding using a Likert scale. The remaining
three questions evaluated their emotional responses in terms of valence, dominance,
and arousal. Given that there were 90 stimuli in the study, each participant had to

respond to a total of 360 questions.
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3.3 Consistency of Perceptions and Responses

In this chapter, I discuss the statistical methods that will be used to analyze the con-
sistency of participants’ perceptions of crowding and emotional responses (valence,
arousal, dominance) when exposed to different crowd densities and avatar represen-
tations (particle, 2D, 3D) in multiple repetitions. Consistency is crucial to ensure
the reliability of the collected data and the validity of the study results. Consistency
is key to designing reliable and predictable virtual environments. By understanding
this, we can ensure that virtual spaces are experienced similarly by all users, every
time. Also, when different architects, engineers, and other stakeholders, including
the client, who may not be a specialist, are collaborating on a visual representation,
it is important that they all perceive it consistently. This consistency helps ensure
effective collaboration and accurate feedback during the design process.

To address the consistency of the answers, we will use several complementary
statistical methods to analyze participants’ responses.

First, we will use the Friedman test, a non-parametric test that detects signif-
icant differences in repeated measures within the same group [73]. In this study,
the Friedman Test will help us see if there are significant differences in participants’
perceptions of crowding and emotional responses between different repetitions of the
same stimuli. The test assumes there are no significant differences between the condi-
tions being compared. If we reject this null hypothesis, it indicates that at least two
conditions differ significantly. This will help us identify any variations in responses
that may indicate inconsistency.

A few examples in the literature about the use of the Friedman Test include a
study on soccer players that used the Friedman Test to evaluate changes in imagery
factors before and after training with self-modeling videos [3]. This demonstrates the
test’s broader applicability in analyzing repeated measures of performance-related
visual data. In another study about Covid, the test was applied to analyze repeated

measures of imaging data across multiple time points [63].
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3.4 Creating composite scores from multiple vari-

ables

In our experiments, each user analyzed the same stimuli three times. This repetition
provided us with a robust dataset and a significantly larger number of responses for
each stimulus. To make the best use of this extensive data, it is essential to apply
the correct methodology. This is where composite scores come in.

A composite performance measure is a combination of two or more component
measures into a single performance measure [59, 35, 4, 75]. The idea of composite
measures is to combine multiple measures using a predetermined weighting method-
ology to produce a single score or variable, facilitating comparison. In the context
of this work, this means combining the variables of users rating the same image and
stimuli into a single one if it passes the methodology of good reliability. Moreover,
the use of composite scores is crucial for answering our specific research questions:

For “RQ2: Is there a threshold density at which users’ emotional responses sig-
nificantly change;‘, combining responses into composite scores allows us to more pre-
cisely identify if and when significant changes in emotional responses occur at various
density levels.

For “RQ3: Do different types of avatar representations (particle, 2D, and 3D)
and varying densities of avatars in a virtual environment lead to differences in users’
perceptions of crowding and their emotional responses (valence, arousal, and domi-
nance)/‘, combining responses into composite scores allows us to effectively compare
the impact of different avatar types and densities on user perceptions and emotional
responses.

For “RQ4: Is there a linear relationship between avatar density and perceived
crowding, and how do emotions (valence, arousal, dominance) vary linearly with
avatar density for different types of avatar representations;‘, combining responses into
composite scores helps us to analyze and understand the potential linear relationships
between these variables more accurately.

To ensure the reliability and validity of the composite scores, we used the Intra-
class Correlation Coefficient (ICC) (C k), which measures the consistency of ratings
made by the same rater across multiple instances [41]. Interrater reliability refers to
how consistent different individuals are at measuring the same phenomenon [7, 83].
To measure the consistency and agreement of participants’ responses over repetitions,

we calculated the ICC for each combination of density and avatar type, considering
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crowding perception responses and the three emotional dimensions (valence, arousal,
dominance) [13]. High ICC values indicate high consistency in responses over repeti-

tions. Table 3.4 provides a guideline for interpreting ICC values.

ICC Value Interpretation
Range

Less than 0.5 Poor reliability

0.5 to 0.75 Moderate reliability
0.75 to 0.9 Good reliability

Greater than 0.9 Excellent reliability

Table 3.4: Interpretation of Intraclass Correlation Coefficient (ICC) Values [41]

The use of ICC ensures the data elements are repeatable and precise. Intrarater
variability checks the consistency of assessments made by the same rater or observer
over time, measuring how much the same rater agrees with themselves when they
assess the same phenomenon at different times [45]. This is crucial for ensuring the
reliability of our composite scores. On the other hand, interrater variability refers to
the degree of agreement or consistency between different raters or observers when they
assess the same phenomenon independently [14, 25]. It measures how much different
raters agree on their assessments, which was tested for RQ1 using the Intraclass
Correlation Coefficient (ICC) and Friedman Test.

3.5 Threshold Density

To evaluate thresholds and identify significant changes in data, I utilized the change-
point detection techniques Binary Segmentation (Binseg) and Pruned Exact Linear
Time (PELT). Both methods yielded identical results; thus, I will report the findings
from Binseg for simplicity.

Change points signify significant changes in statistical features like average, dis-
persion, or distribution. Detecting these points helps identify when data behavior or
trends shift significantly. In this study, a detected change point indicates a substan-
tial shift in participants’ reactions to stimuli at that density, affecting their arousal,
valence, crowding, or dominance.

Crowding occurs when density levels impact individuals” behavior, physiology, or

experience, influenced by personal traits and social connections [54]. Understanding
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this transition and its impact on emotional responses is crucial for designing effective
virtual environments. Our research question (RQ2) is: Is there a threshold density
at which users’ emotional responses significantly change? In this section, I outline
the methods used to calculate the threshold density at which significant changes
in emotional responses (valence, arousal, dominance) occur when participants are
exposed to different crowd densities and avatar representations (particle, 2D, 3D).
Identifying these thresholds is essential for understanding how varying crowd levels

impact emotional responses and informing design decisions in virtual environments.

3.5.1 Methods in a Glance

e Data Preparation: Organize the collected data into a suitable format, includ-
ing participants’ emotional responses (valence, arousal, dominance) at various

crowd densities for each type of avatar representation.

e Descriptive Statistics: Calculate the mean, median, and standard deviation
for the emotional responses at each crowd density level to provide an initial

overview of the data distribution and variability.

e Identifying Potential Thresholds: Examine the descriptive statistics to spot
any abrupt changes or trends across the different crowd densities, identifying

potential thresholds where significant changes in emotional responses occur.

e Change Point Analysis: Segment the data based on different crowd densities
and apply a change point detection algorithm such as the Pruned Exact Linear
Time (PELT) or Binary Segmentation to identify the densities where significant

changes in emotional responses occur.

In summary, this method details a structured and methodical process to uncover

the threshold densities for emotional response changes.

3.6 Influence of Avatar Representations and Den-
sities

Understanding how different avatar representations (particle, 2D, and 3D) and vary-

ing avatar densities affect users’ perceptions of crowding and their emotional responses
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(valence, arousal, dominance) requires a detailed and methodical approach. To un-
cover these insights, I utilized the Friedman Test and the Wilcoxon Signed-Rank Test
to reveal the underlying patterns and relationships [73].

The Friedman Test, a non-parametric method, is ideal for analyzing our data as it
allows for the comparison of medians across multiple related groups. This test helps
identify significant differences in perceptions of crowding and emotional responses
across different densities and avatar representations.

When the Friedman Test indicates significant differences, further investigation is
necessary to pinpoint exactly which groups differ. This is where the Wilcoxon Signed-
Rank Test comes in. This test allows for pairwise comparisons, helping to identify

specific pairs of conditions that exhibit significant differences in their medians.

3.6.1 Methods in a Glance

e Friedman Test: Compare the medians of perceptions of crowding and emotional
responses (valence, arousal, dominance) across different densities and avatar

representations to determine if there are statistically significant differences.

e Wilcoxon Signed-Rank Test: Conduct post-hoc analysis following the Friedman
Test to identify which specific pairs of groups differ significantly in their medi-

ans. This helps pinpoint the exact conditions that show significant differences.

3.7 Relationship Between Density, Perceived Crowd-

ing, and Emotions

To understand the relationship between crowd density, perceived crowding, and emo-
tional responses (valence, arousal, and dominance), I conducted a correlation analysis.
This method measures the strength and direction of the relationships between these
variables, providing insights into how changes in one variable may be associated with
changes in another.

Pearson Correlation Coefficient was used to measure the strength and direction of
the linear relationship between responses. This analysis provided additional insights
into the relationships between crowd density, perceived crowding, and emotional re-

sponses [68].
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3.8 Ethical Approval and Compliance

The research protocol for this study, titled “Perception of Environments and Vir-
tual Avatars“ (Protocol number: 21-0203), was submitted to the Human Research
Ethics Board at the University of Victoria for review. The submission included de-
tailed descriptions of the study’s objectives, methodology, participant recruitment
strategies, and measures to ensure participant confidentiality and informed consent.
After a thorough evaluation, the Ethics Board approved the study, confirming that
it met all ethical standards and guidelines for conducting research involving human
participants.

In compliance with ethical guidelines, the study participants willingly gave their

written consent to join the research study.
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Chapter 4
Results Analysis

In this chapter, I share my research findings. I explore how different types of avatars
and their densities affect users’ emotions and perceptions of overcrowding. By looking

at these factors, I discovered new insights and broader implications.

4.1 Study Execution & Participants

This study employed a mixed-methods approach, consisting of two main phases: a
pilot study and a main study. The pilot study aimed to test the feasibility and validity
of the experimental design and measures used, while the main study examined the
effects of different avatar representations and densities on the perception of crowding
in a virtual environment.

Participants were recruited through social media and an email list from the Uni-
versity of Victoria (Uvic). Additionally, we used the snowball recruitment method,
asking recipients to forward the invitation to others who might be interested in par-
ticipating. All participants were over 18 years old and provided informed consent
before participating.

The study was conducted via an online survey hosted on the Qualtrics platform.
A total of 70 participants took part in the pilot study, while 48 participated in the
main study. Using a within-subjects design, all participants were exposed to the same
experimental conditions, which varied in avatar representation and density. Partici-
pants saw three types of avatars: particle avatars (simplified crowd simulations), 2D
avatars (standard architectural representations), and 3D avatars (three-dimensional

human forms).
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In the main study, avatar densities ranged from a maximum of 266 people to a
minimum of 5 people, covering ten different intensities for each of the three avatar
types. This resulted in 30 unique images. Each image was associated with four ques-
tions, assessing crowding, valence, arousal, and dominance, leading to 120 evaluations
in total. To ensure consistency in participants’ responses, each image was presented
three times, resulting in 360 evaluations. The order and density of the stimuli were
randomized to avoid learning effects between conditions.

Participants viewed a single virtual environment, specifically a room from the
MET, filled with avatars according to the experimental conditions. After viewing,
they reported their perception of crowding using a semantic differential scale, similar
to a Likert scale but with polarized attributes. Additionally, we measured partic-
ipants’ emotional responses using the Self-Assessment Manikin (SAM) scale, which
assesses three emotional dimensions: valence (pleasant to unpleasant), arousal (ex-
cited to calm), and dominance (controlled to in control).

By combining crowding analysis with emotional responses using the Self-Assessment
Manikin, our study aimed to provide a comprehensive understanding of how different
avatar representations and densities affect participants’ perception of crowding and
emotional responses. This robust methodological approach ensured the validity and
reliability of the findings, significantly contributing to the existing literature on the

perception of virtual environments and architectural design.

4.1.1 American Psychological Association Style

To increase the ease of reading and comprehension of the experiments results, I am
following the American Psychological Association Style is this work. The guidelines
originated in 1929 and have been evolving in a iterative effort of the research com-
munity since them, is a set of guidelines for writing research papers and scholarly
documents. It is widely used in the social sciences, education, engineering, and busi-
ness fields [8, 1].

4.1.2 Pilot Study

The pilot study ran from March 28, 2023, to October 12, 2023. Conducted online using
the Qualtrics platform, the study included 70 participants. Using a within-subjects
design, participants were exposed to experimental conditions varying in avatar rep-

resentation (particle, 2D, and 3D) and density. The valid densities evaluated in the
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pilot study were 3, 5, 8, 13, 22, 162, and 266, resulting in 27 different stimuli and
images. Unlike the main study, each stimulus in the pilot was shown to participants
twice, not three times.

Each image was evaluated for crowding, valence, arousal, and dominance to ensure
response consistency. The virtual environment viewed was a room filled with avatars.
Perception of crowding was assessed using a semantic differential scale, and emotional
responses were measured with the Self-Assessment Manikin (SAM) scale. With these
settings, the pilot study was successfully deployed and the findings will be showed

below.

Participants

A total of 70 participants completed the survey. The sample consisted of 56 females
(80%) and 14 males (20%).

Assigned Sex at Birth n %

Female 56 &0
Male 14 20

Table 4.1: Assigned Sex at Birth of Participants (N = 70)

Education Level

Participants reported various levels of education. The majority of participants held
a 4-year degree (28.6%) or a professional degree (28.6%). Additionally, 22.9% of
participants were currently working on a degree, 11.4% held a 2-year degree, 4.3%
had completed a doctorate, and 4.3% were high school graduates.

Education Level n %

2-year degree 8§ 114
4-year degree 20 28.6
Degree in progress (currently working on a degree) 16 22.9
Doctorate 3 43
High school graduate 3 43
Professional degree 20 28.6

Table 4.2: Highest Completed Education Level of Participants (N = 70)
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Design Experience

When asked about their design experience, 52 participants (74.3%) reported that
they do not consider themselves designers, while 18 participants (25.7%) identified as

designers.

Do you consider yourself a designer?” n %

No 52 74.3
Yes 18 25.7

Table 4.3: Design Experience of Participants (N = 70)

Consistency Analysis for Repeated Stimuli

As mentioned in Chapter 3, non-parametric tests were selected to assess significant
differences between groups. To assess significant differences between pairs of groups,
the Wilcoxon signed-rank test is applied and usually serves as a post-hoc test for
the Friedman Test, the latter being used for comparisons between more than two
groups [89)].

For the pilot study, the participants only saw the same stimuli twice. For this
reason, only the Wilcoxon Test was used to determine if there are differences between
the ratings for the same stimuli among the 70 participants or if the ratings were
consistent.

Table 4.4 shows the Wilcoxon results for the consistency of responses to the same
image among the participants for crowding perception. The Wilcoxon signed-rank
test indicated that there was no significant difference between the repeated stimuli
for crowding perception across all densities for avatar representations in particles and
3D, with all p-values > .05.

For 2D avatar representations, there are statistically significant differences identi-
fied by the Wilcoxon signed-rank test. The Wilcoxon signed-rank test results showed
that there was a significant difference in density 5 between the same image, p < .01,
Z = 69. The Wilcoxon signed-rank test results for 2D avatar representations at den-
sity 8 also indicated a significant p-value, with a significant difference in density 8
between the same image, p = .03, Z = 235.5.

This suggests that participants who saw the same stimuli twice showed signifi-

cantly inconsistent ratings for crowding perception at these densities when viewing
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Statistic | p_value | Stimuli_type | Density
9 0.15 2d 3
10.5 1.00 3d 3
5 1.00 particle 3
69 0.01°%* 2d 5
184.5 0.64 3d 5
89 0.33 particle 5
235.5 0.03** 2d 8
189 0.33 3d 8
170 0.40 particle 8
162 0.98 2d 13
110 0.82 3d 13
190 0.34 particle 13
342 0.45 2d 22
170 0.61 3d 22
207 0.57 particle 22
8 0.13 2d 162
5 0.23 3d 162
30 0.76 particle 162
8 0.25 2d 266
0 0.15 3d 266
0 1.00 particle 266

Table 4.4: Results of the Wilcoxon Signed-Rank Test for Crowding Perception. The
table presents the results of the Wilcoxon signed-rank test for the consistency of re-
sponses for crowding perception at different densities. The table includes the test
statistic (Z) and the p-value for each density level. Specifically, the table highlights
significant differences (**) in crowding perception for densities 5 and 8 when partici-
pants viewed the same stimuli twice.

2D avatar representations.

Table 4.5 shows the Wilcoxon results for the consistency of responses to the same
image among the participants for arousal. The Wilcoxon signed-rank test indicated
that there was no significant difference between the repeated stimuli for arousal across
all densities for avatar representations in particles and 3D, with all p-values > .05.

For 2D avatar representations, there are statistically significant differences identi-
fied by the Wilcoxon signed-rank test. The Wilcoxon signed-rank test results showed
that there was a significant difference in density 5 between the same image, p = .02,
Z = 92. The Wilcoxon signed-rank test results for 2D avatar representations at den-
sity 8 also indicated a significant p-value, with a significant difference in density 8

between the same image, p = .02, Z = 71.
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Statistic | p_value | Stimuli_type | Density
74.5 0.62 2d 3
63 0.78 3d 3
13.5 0.07 particle 3
92 0.02%* 2d 5
103 0.93 3d 5
54.5 0.05 particle )
71 0.02** 2d 8
202.5 0.98 3d 8
189 0.33 particle 8
168 0.26 2d 13
172 0.44 3d 13
209 0.42 particle 13
348.5 0.96 2d 22
188 0.49 3d 22
210 0.43 particle 22
96 0.28 2d 162
51 0.37 3d 162
129.5 0.53 particle 162
56.5 0.83 2d 266
19 0.37 3d 266
21 0.14 particle 266

Table 4.5: Results of the Wilcoxon Signed-Rank Test for Arousal. The table presents
the results of the Wilcoxon signed-rank test for the consistency of responses for arousal
at different densities. The table includes the test statistic (Z) and the p-value for each
density level. Specifically, the table highlights significant differences (**) in crowding
perception for densities 5 and 8 when participants viewed the same stimuli twice.

This suggests that participants who saw the same stimuli twice showed signif-
icantly inconsistent ratings for arousal at these densities when viewing 2D avatar
representations.

Table 4.6 shows the Wilcoxon results for the consistency of responses to the same
image among the participants for dominance. For 2D avatar representations, there
are statistically significant differences identified by the Wilcoxon signed-rank test for
dominance. The Wilcoxon signed-rank test results showed that there was a significant
difference in density 22 between the same image, p = .03, Z = 196. For 3D avatar
representations, the Wilcoxon signed-rank test results showed that there was a signif-
icant difference in density 22 between the same image, p = .01, Z = 158. For particle

avatar representations, the Wilcoxon signed-rank test results showed that there was
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Statistic | p_value | Stimuli_type | Density
166.5 0.58 2d 3
62.5 0.10 3d 3
42 0.04** particle 3
247 0.74 2d 5
118 0.13 3d 5
118.5 0.14 particle )
279 0.54 2d 8
255.5 0.12 3d 8
243.5 0.20 particle 8
335 0.79 2d 13
199 0.92 3d 13
239 0.11 particle 13
196 0.03%* 2d 22
158 0.01°%* 3d 22
316.5 0.25 particle 22
75.5 0.14 2d 162
19.5 0.71 3d 162
80 0.52 particle 162
58.5 0.38 2d 266
26 0.87 3d 266
20.5 0.46 particle 266

Table 4.6: Results of the Wilcoxon Signed-Rank Test for Dominance. The table
presents the results of the Wilcoxon signed-rank test for the consistency of responses
for dominance at different densities. The table includes the test statistic (Z) and the
p-value for each density level. Specifically, the table highlights significant differences
(**) in crowding perception for densities 3 and 22 when participants viewed the same
stimuli twice.

a significant difference in density 3 between the same image, p = .04, Z = 42.

This suggests that participants who saw the same stimuli twice showed signifi-
cantly inconsistent ratings for dominance at these densities when viewing 2D, 3D,
and particle avatar representations.

Table 4.7 shows the Wilcoxon results for the consistency of responses to the same
image among the participants for valence. The Wilcoxon signed-rank test indicated
that there was no significant difference between the repeated stimuli for valence across
all densities for avatar representations in particles and 3D, with all p-values > .05.

For 2D avatar representations, there are statistically significant differences identi-
fied by the Wilcoxon signed-rank test. The Wilcoxon signed-rank test results showed

that there was a significant difference in density 3 between the same image, p = .008,
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Statistic | p_value | Stimuli_type | Density
18 0.56 3d 3
18 0.07 particle 3
76 0.008%* 2d 3
7 0.27 3d 5

148.5 0.69 particle 5
75 0.02** 2d 5
211 0.27 3d 8
162 0.12 particle 8
293 0.69 2d 8
234 0.36 2d 13
280.5 0.74 3d 13
229 0.32 particle 13
427.5 0.55 2d 22
222 0.16 3d 22
223.5 0.84 particle 22

39 0.62 2d 162
25 0.47 3d 162
91 0.86 particle 162
27 0.32 2d 266
9 0.38 3d 266
4 0.70 particle 266

Table 4.7: Results of the Wilcoxon Signed-Rank Test for Valence. The table presents
the results of the Wilcoxon signed-rank test for the consistency of responses for valence
at different densities. The table includes the test statistic (Z) and the p-value for each
density level. Specifically, the table highlights significant differences (**) in crowding
perception for densities 3 and 5 when participants viewed the same stimuli twice.

Z = T76. The Wilcoxon signed-rank test results for 2D avatar representations at den-
sity 5 also indicated a significant p-value, with a significant difference in density 5
between the same image, p = .02, Z = 75.

This suggests that participants who saw the same stimuli twice showed signif-
icantly inconsistent ratings for valence at these densities when viewing 2D avatar

representations.

Creating composite scores from multiple variables

Before combining into a composite variable, guidelines recommend assessing its strength.
Following Chapter 3, Intraclass Coefficient Class (ICC) and Cronbach’s alpha are used
to evaluate the reliability of the data. Both tests yield similar results due to their
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formula. Therefore, I used the Intraclass Coefficient class (C, k) [80, 80].

Density Attribute 2d 3d  Particle
3 Crowding Perception 0.804 0.729  0.848
3 Valence 0.763 0.952  0.943
3 Arousal 0.851 0.881  0.943
3 Dominance 0.761 0.879  0.899
5 Crowding Perception 0.764 0.722  0.713
5 Valence 0.827 0.691  0.703
5 Arousal 0.894 0.892 0.873
5 Dominance 0.773 0.838  0.795
8 Crowding Perception 0.713 0.773  0.826
8 Valence 0.754 0.826  0.792
8 Arousal 0.910 0.893  0.867
8 Dominance 0.795 0.818  0.808
13 Crowding Perception 0.837 0.889  0.744
13 Valence 0.781 0.851 0.724
13 Arousal 0.839 0.856  0.786
13 Dominance 0.650 0.830  0.765
22 Crowding Perception 0.787 0.843  0.775
22 Valence 0.647 0.786  0.792
22 Arousal 0.755 0.772  0.824
22 Dominance 0.705 0.731  0.802
162 Crowding Perception 0.771 0.574  0.735
162 Valence 0.813 0.609  0.702
162 Arousal 0.923 0.880 0.864
162 Dominance 0.850 0.955  0.898
266 Crowding Perception 0.658 0.506  0.900
266 Valence 0.770 0.761  0.861
266 Arousal 0.922 0.898  0.890
266 Dominance 0.919 0.930 0.948

Table 4.8: ICC(C, k) for Different Densities and Attributes. The table shows that
ICC(C, k) values for different densities and attributes across 2D, 3D, and Particle
stimuli types generally indicate high reliability, with most values above 0.7.

Under the assumption of randomly selected raters, the ICC for interrater consis-
tency (C, k) assesses the reliability of the observed differences between subjects by
accounting for the variance due to subjects while excluding the rater effects. This
means it measures how consistently subjects are rated across different raters, and
for average ratings, it divides the error variance by the number of raters to reduce

rater-related errors. Essentially, ICC(C, k) for interrater consistency focuses on ex-
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cluding the variability introduced by different raters rating the same image differently
at different times. It aims to measure the consistency of the observed differences be-
tween subjects while accounting for the average ratings across multiple raters, thereby
reducing the impact of rater-related errors or inconsistencies.

I chose to use ICC for interrater reliability instead of intrarater reliability de-
liberately because raters’ inconsistencies would result in weak reliability. These in-
consistencies, however, cannot be excluded from the analysis as they are crucial for
addressing the research questions. For the composite score, the focus is not on indi-
vidual raters’ consistency (intrarater) but on the overall consistency across different
raters (interrater). This approach ensures that the analysis captures the general
reliability of ratings across multiple raters, which is essential for the study.

Koo et al. [42] provide the following guidelines for interpretation: “Values less than
0.5 indicate poor reliability, values between 0.5 and 0.75 indicate moderate reliability,
values between 0.75 and 0.9 indicate good reliability, and values greater than 0.90
indicate excellent reliability.” It is important to assess the reliability of judgments
made by participants to determine the extent to which measurements are reliable [74].

The intraclass correlation coefficients (ICCs) for different densities and attributes
were calculated across 2D, 3D, and Dot stimuli types. The results in Table 4.8
indicated high reliability across most conditions. Regarding the 2D stimuli type, the
ICC values ranged from 0.658 to 0.837 for crowding perception, indicating moderate
to high reliability. For valence, the ICC values ranged from 0.647 to 0.827, indicating
moderate to high reliability. For arousal, the ICC values ranged from 0.650 to 0.923,
indicating moderate to high reliability. For dominance, the ICC values ranged from
0.705 to 0.919, indicating high reliability.

Regarding the 3D stimuli type, the ICC values ranged from 0.506 to 0.889, indicat-
ing moderate to high reliability for crowding perception. For valence, the ICC values
ranged from 0.609 to 0.952, indicating moderate to high reliability. For arousal, the
ICC values ranged from 0.700 to 0.898, indicating moderate to high reliability. For
dominance, the ICC values ranged from 0.731 to 0.955, indicating high reliability.

Regarding the particle stimuli type, the ICC values ranged from 0.713 to 0.848,
indicating high reliability for crowding perception. For valence, the ICC values ranged
from 0.571 to 0.943, indicating moderate to high reliability. For arousal, the ICC
values ranged from 0.727 to 0.943, indicating high reliability. For dominance, the
ICC values ranged from 0.765 to 0.948, indicating high reliability.

Compared to 2D and 3D stimuli, particle stimuli consistently had higher ICC
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values, which suggests they were more reliable at measuring crowding perception,
valence, arousal, and dominance. Based on these results, a composite variable can be
created by combining the two ratings for each stimuli type and density into a single

variable.

Descriptive analysis

The descriptive statistics for crowding perception across different densities and stimuli
types are summarized in Table 4.9. For the 2D stimuli, the mean crowding perception
values ranged from 1.11 (SD = 0.38) at a density of 3 to 4.92 (SD = 0.27) at a density
of 266. For the 3D stimuli, the mean values ranged from 1.09 (SD = 0.28) at a density
of 3t04.99 (SD = 0.12) at a density of 266. Lastly, for the particle stimuli, the mean
values ranged from 1.09 (SD = 0.31) at a density of 3 to 5.00 (SD = 0.00) at a
density of 266.

Density
Stimuli Type 3 5 8 13 22 162 266
2D 1.11 (0.38) 1.46 (0.67) 1.96 (0.90) 2.49 (0.86) 3.25 (0.87) 4.81 (0.41) 4.92 (0.27)
3D 1.09 (0.28) 1.54 (0.73) 2.25 (0.86) 2.84 (0.82) 3.41 (0.86) 4.91 (0.38) 4.99 (0.12)
Particle 1.09 (0.31) 1.41 (0.67) 2.01 (0.87) 2.71 (0.81) 3.25 (0.91) 4.82 (0.38) 5.00 (0.00)

Table 4.9: Descriptive statistics for crowding perception across different densities,
with mean values and standard deviations in parentheses. The table indicates that
mean values generally increase with density for 2D, 3D, and particle stimuli, with
standard deviations reflecting varying degrees of variability.

The descriptive statistics for arousal across different densities and stimuli types
are summarized in Table 4.14. For the 2D stimuli, the mean arousal values ranged
from 2.03 (SD = 1.46) at a density of 3 to 3.80 (SD = 1.60) at a density of 266. For
the 3D stimuli, the mean values ranged from 1.97 (SD = 1.47) at a density of 3 to
4.16 (SD = 1.51) at a density of 266. Lastly, for the particle stimuli, the mean values
ranged from 1.89 (SD = 1.41) at a density of 3 to 4.08 (SD = 1.54) at a density of
266.
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Density
Stimuli Type 3 5 8 13 22 162 266
2D 2.03 (1.46) 2.13 (1.30) 2.23 (1.25) 2.34 (1.13) 2.84 (1.00) 3.74 (1.46) 3.80 (1.60)
3D 1.97 (1.47) 2.01 (1.36) 2.22 (1.14) 2.54 (1.09) 2.90 (1.00) 4.04 (1.51) 4.16 (1.51)
particle 1.89 (1.41) 1.91 (1.31) 2.14 (1.18) 2.56 (1.09) 2.74 (1.10) 3.97 (1.41) 4.08 (1.54)

Table 4.10: Descriptive statistics for arousal across different densities, with mean
values and standard deviations in parentheses. The table indicates that mean values
generally increase with density for 2D, 3D, and particle stimuli, with standard devi-
ations reflecting varying degrees of variability.

The descriptive statistics for dominance across different densities and stimuli types
are summarized in Table 4.15. For the 2D stimuli, the mean dominance values ranged
from 3.69 (SD = 1.42) at a density of 3 to 2.12 (SD = 1.56) at a density of 266.
For the 3D stimuli, the mean values ranged from 3.56 (SD = 1.50) at a density of
3 to 2.12 (1.69) at a density of 266. Lastly, for the particle stimuli, the mean values
ranged from 3.59 (SD = 1.42) at a density of 3 to 2.09 (SD = 1.63) at a density of
266.

Density
Stimuli Type 3 5 8 13 22 162 266
2D 3.69 (1.42) 3.40(1.32) 3.23 (1.24) 3.10 (1.11) 2.82(0.90) 2.22 (1.52) 2.12 (1.56)
3D 3.56 (1.50) 3.33 (1.41) 3.29 (1.15) 3.06 (1.01) 2.71 (0.96) 2.12 (1.66) 2.12 (1.69)
particle 3.59 (1.42) 3.57(1.34) 3.38 (1.18) 2.93 (1.02) 2.75(0.98) 2.07 (1.47) 2.09 (1.63)

Table 4.11: Descriptive statistics for dominance across different densities, with mean
values and standard deviations in parentheses. The table indicates that mean values
generally decrease with density for 2D, 3D, and particle stimuli, with standard devi-
ations reflecting varying degrees of variability.

The descriptive statistics for valence across different densities and stimuli types
are summarized in Table 4.16. For the 2D stimuli, the mean valence values ranged
from 4.35 (SD = 1.00) at a density of 3 to 1.26 (SD = 0.57) at a density of 266. For
the 3D stimuli, the mean values ranged from 4.46 (SD = 0.94) at a density of 3 to
1.12 (SD = 0.44) at a density of 266. Lastly, for the particle stimuli, the mean values
ranged from 4.46 (SD = 0.96) at a density of 3 to 1.12 (SD = 0.42) at a density of
266.

Assessing Thresholds

To assess thresholds, the Changepoint Detection method will be used. The Binary

Segmentation (Binseg) method allows for precise identification of shifts in ratings,
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Density
Stimuli Type 3 5 8 13 22 162 266
2D 4.35 (1.00) 4.23 (0.86) 3.95(0.92) 3.71 (0.88) 3.03 (0.86) 1.39 (0.63) 1.26 (0.57)
3D 4.46 (0.94) 4.26 (0.92) 3.82 (0.92) 3.50 (0.98) 2.93 (1.02) 1.26 (0.70) 1.12 (0.44)
particle 4.46 (0.96) 4.44 (0.74) 3.98 (0.88) 3.56 (0.85) 3.08 (0.95) 1.39 (0.66) 1.12 (0.42)

Table 4.12: Descriptive statistics for valence across different densities, with mean
values and standard deviations in parentheses. The table indicates that mean values
generally decrease with density for 2D, 3D, and particle stimuli, with standard devi-
ations reflecting varying degrees of variability.

providing insights into how perception varies with different avatar densities in 2D,
3D, and Dot virtual environments. Change Point is a moment of time when a time

series changes its behaviour [2].

Detecting Change Points in Crowding Perception with Particle Avatar Representations using Binseg

M
i
win
AT

Density (number of avatar representations in the room)

5.0 4 —®— Signal

]

1

1

]

1

1

B 1

45 |
1
1
1

4.0 1

3.5

3.0

2.5

2.01

Not Crowded at All (1) to Way Too Crowded (5)

1.5+

3

1.0

Figure 4.1: Detecting Change Points in Crowding Perception with Particle Avatar
Representations using Binseg. The figure illustrates the detection of change points in
crowding perception with particle avatar representations using the Binary Segmenta-
tion (Binseg) method. The red dashed lines represent the identified change points at
densities 13 and 162.

The Figure 4.1 illustrates the detection of change points in crowding perception

with particle avatar representations using the Binary Segmentation (Binseg) method.
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The x-axis represents the density, while the y-axis represents the crowding perception,
ranging from Not Crowded at All to Way Too Crowded (1-5). The blue points indicate
the signal, with red dashed lines marking the identified change points at densities 13
and 162.

Detecting Change Points in Crowding Perception with 2D Avatar Representations using Binseg
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Figure 4.2: Detecting Change Points in Crowding Perception with 2D Avatar Rep-
resentations using Binseg. The figure illustrates the detection of change points in
crowding perception with 2D avatar representations using the Binary Segmentation
(Binseg) method. The red dashed lines represent the identified change points at den-
sities 8 and 162.

The Figure 4.2 illustrates the detection of change points in crowding perception
with 2D avatar representations using the Binary Segmentation (Binseg) method. The
x-axis represents the density, while the y-axis represents the crowding perception,
ranging from Not Crowded at All to Way Too Crowded (1-5). The blue points
indicate the signal, with red dashed lines marking the identified change points at
densities 8 and 162.

The Figure 4.3 illustrates the detection of change points in crowding perception
with 3D avatar representations using the Binary Segmentation (Binseg) method. The
x-axis represents the density, while the y-axis represents the crowding perception,
ranging from Not Crowded at All to Way Too Crowded (1-5). The blue points
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Detecting Change Points in Crowding Perception with 3D Avatar Representations using Binseg
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Figure 4.3: Detecting Change Points in Crowding Perception with 3D Avatar Rep-
resentations using Binseg. The figure illustrates the detection of change points in
crowding perception with 3D avatar representations using the Binary Segmentation
(Binseg) method. The red dashed lines represent the identified change points at den-
sities 8 and 162.

indicate the signal, with red dashed lines marking the identified change points at
densities 8 and 162.

The Figure 4.4 illustrates the detection of change points in arousal with particle
avatar representations using the Binary Segmentation (Binseg) method. The x-axis
represents the density, while the y-axis represents the arousal, ranging from Calm to
Excited (1-5). The blue points indicate the signal, with red dashed lines marking the
identified change points at densities 8 and 162.

The Figure 4.5 illustrates the detection of change points in arousal with 2D avatar
representations using the Binary Segmentation (Binseg) method. The x-axis repre-
sents the density, while the y-axis represents the arousal, ranging from Calm to Ex-
cited (1-5). The blue points indicate the signal, with red dashed lines marking the
identified change points at densities 8 and 162.

The Figure 4.6 illustrates the detection of change points in arousal with 3D avatar

representations using the Binary Segmentation (Binseg) method. The x-axis repre-
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Figure 4.4: Detecting Change Points in Arousal with Particle Avatar Representations
using Binseg. The figure illustrates the detection of change points in arousal with
particle avatar representations using the Binary Segmentation (Binseg) method. The
red dashed lines represent the identified change points at densities 8 and 162.
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sents the density, while the y-axis represents the arousal, ranging from calm to excited
(1-5). The blue points indicate the signal, with red dashed lines marking the identified
change points at densities 8 and 162.

The Figure 4.7 illustrates the detection of change points in dominance with particle
avatar representations using the Binary Segmentation (Binseg) method. The x-axis
represents the density, while the y-axis represents the dominance, ranging from con-
trolled to In-control (1-5). The blue points indicate the signal, with red dashed lines
marking the identified change points at densities 13 and 162.

The Figure 4.8 illustrates the detection of change points in dominance with 2D
avatar representations using the Binary Segmentation (Binseg) method. The x-axis
represents the density, while the y-axis represents the dominance, ranging from con-
trolled to In-control (1-5). The blue points indicate the signal, with red dashed lines
marking the identified change points at densities 8 and 162.

The Figure 4.9 illustrates the detection of change points in dominance with 3D

avatar representations using the Binary Segmentation (Binseg) method. The x-axis
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Detecting Change Points in Arousal with 2D Avatar Representations using Binseg
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Figure 4.5: Detecting Change Points in Arousal with 2D Avatar Representations
using Binseg. The figure illustrates the detection of change points in arousal with
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2D avatar representations using the Binary Segmentation (Binseg) method. The red
dashed lines represent the identified change points at densities 8 and 162.
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represents the density, while the y-axis represents the dominance, ranging from con-
trolled to In-control (1-5). The blue points indicate the signal, with red dashed lines
marking the identified change points at densities 8 and 162.

The Figure 4.10 illustrates the detection of change points in valence with par-
ticle avatar representations using the Binary Segmentation (Binseg) method. The
x-axis represents the density, while the y-axis represents the valence, ranging from
unpleasant to pleasant (1-5). The blue points indicate the signal, with red dashed
lines marking the identified change points at densities 8 and 162.

The Figure 4.11 illustrates the detection of change points in valence with 2D avatar
representations using the Binary Segmentation (Binseg) method. The x-axis repre-
sents the density, while the y-axis represents the valence, ranging from unpleasant to
pleasant (1-5). The blue points indicate the signal, with red dashed lines marking the
identified change points at densities 13 and 162.

The Figure 4.12 illustrates the detection of change points in valence with 3D avatar

representations using the Binary Segmentation (Binseg) method. The x-axis repre-
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Figure 4.6: Detecting Change Points in Arousal with 3D Avatar Representations
using Binseg. The figure illustrates the detection of change points in arousal with
3D avatar representations using the Binary Segmentation (Binseg) method. The red
dashed lines represent the identified change points at densities 8 and 162.

sents the density, while the y-axis represents the valence, ranging from unpleasant to
pleasant (1-5). The blue points indicate the signal, with red dashed lines marking the
identified change points at densities 8 and 162.

Assessing differences between avatar representation

To find out if there are differences between different types of avatar representations,
we use the Friedman Test. As mentioned in Chapter 3, the Friedman Test is used to
compare different groups to see if they are really different from each other. It’s like
checking if people have different perceptions for 3D, 2D, and particle avatars. If the
Friedman Test tells us that the rankings are different, we then use another test called
the Wilcoxon signed-rank test as post-hoc to see exactly which avatars are different
from each other. This is done carefully to make sure our findings are accurate and

not just by chance.
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Figure 4.7: Detecting Change Points in Dominance with Particle Avatar Representa-

tions using Binseg. The figure illustrates the detection of change points in dominance

with particle avatar representations using the Binary Segmentation (Binseg) method.

The red dashed lines represent the identified change points at densities 13 and 162.
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density x>  palue mean particle (rank) mean 2D (rank) mean 3D (rank)
3 0.500  0.779 1.09 (3rd) 1.11 (Ist) 1.09 (2nd)
5 5591 0.061 1.41 (3rd) 1.46 (2nd) 1.54 (1st)
8 22521 0.001%* 2.01 (2nd) 1.96 (3rd) 2.25 (1Ist)
13 22440 0.001%* 2.71 (2nd) 2.49 (3rd) 2.84 (1st)
22 6.904  0.032% 3.25 (2nd) 3.25 (3rd) 3.41 (1st)
162 11.405 0.003%* 4.82 (2nd) 4.81 (3rd) 4.91 (1st)
266 15.846  0.001** 5.00 (1st) 4.92 (3rd) 4.99 (2nd)

Table 4.13: Friedman Test and Mean Ranks for Crowding Perception
The Table 4.9 includes columns for density, chi-square value (x?), p-value, and the
mean ranks for each type of stimuli (particle, 2D, and 3D) for crowding perception.
Significant p-values (less than 0.05) are marked with an asterisk (*) or double asterisk
(**) to indicate their level of significance.

For density 8 and the crowding perception, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 22.521, which

was significant (p < 0.001). To investigate the significant differences identified by the
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Figure 4.8: Detecting Change Points in Dominance with 2D Avatar Representations
using Binseg. The figure illustrates the detection of change points in dominance with
2D avatar representations using the Binary Segmentation (Binseg) method. The red
dashed lines represent the identified change points at densities 8 and 162.
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Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and 3D avatars, W = 849.0, unadjusted p = 0.000199, Holm-adjusted
p = 0.000596. For the comparison between 2D and Particle avatars, W = 898.5,
unadjusted p = 0.415, Holm-adjusted p = 0.415. For the comparison between 3D and
Particle avatars, W = 610.0, unadjusted p = 0.000293, Holm-adjusted p = 0.000596.
After applying the Holm correction, the differences between the 2D and 3D avatars
and between the 3D and Particle avatars were statistically significant at the o = 0.05
level. The difference between the 2D and Particle avatars was not statistically signif-
icant.

For density 13 and the crowding perception, the non-parametric Friedman test

of differences among repeated measures rendered a chi-square value of 22.440, which
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Figure 4.9: Detecting Change Points in Dominance with 3D Avatar Representations
using Binseg. The figure illustrates the detection of change points in dominance with
3D avatar representations using the Binary Segmentation (Binseg) method. The red
dashed lines represent the identified change points at densities 8 and 162.

was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 550.0, unadjusted p = 0.002450, Holm-adjusted
p = 0.004900. For the comparison between 3D and Particle avatars, W = 565.5, un-
adjusted p = 0.036992, Holm-adjusted p = 0.036992. For the comparison between 2D
and 3D avatars, W = 438.5, unadjusted p = 0.000003, Holm-adjusted p = 0.000009.
After applying the Holm correction, the differences between the 2D and Particle
avatars, 3D and Particle avatars, and 2D and 3D avatars were statistically significant
at the a = 0.05 level.

For density 22 and the crowding perception, the non-parametric Friedman test

of differences among repeated measures rendered a chi-square value of 6.904, which
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Figure 4.10: Detecting Change Points in Valence with Particle Avatar Representa-
tions using Binseg. The figure illustrates the detection of change points in valence
with particle avatar representations using the Binary Segmentation (Binseg) method.
The red dashed lines represent the identified change points at densities 8 and 162.

was significant (p = 0.032). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 1134.5, unadjusted p = 0.975299, Holm-adjusted
p = 0.975299. For the comparison between 3D and Particle avatars, W = 708.0,
unadjusted p = 0.022444, Holm-adjusted p = 0.046874. For the comparison be-
tween 2D and 3D avatars, W = 791.5, unadjusted p = 0.015625, Holm-adjusted
p = 0.046874. After applying the Holm correction, the differences between the 3D
and Particle avatars and between the 2D and 3D avatars were statistically significant
at the a = 0.05 level. The difference between the 2D and Particle avatars was not
statistically significant.

For density 162 and the crowding perception, the non-parametric Friedman test
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Figure 4.11: Detecting Change Points in Valence with 2D Avatar Representations
using Binseg. The figure illustrates the detection of change points in valence with
2D avatar representations using the Binary Segmentation (Binseg) method. The red
dashed lines represent the identified change points at densities 13 and 162.

of differences among repeated measures rendered a chi-square value of 11.405, which
was significant (p = 0.003). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 150.0, unadjusted p = 0.705457, Holm-adjusted p =
0.705457. For the comparison between 3D and Particle avatars, W = 81.5, unadjusted
p = 0.030589, Holm-adjusted p = 0.061178. For the comparison between 2D and 3D
avatars, W = 82.5, unadjusted p = 0.018798, Holm-adjusted p = 0.056394. After
applying the Holm correction, the differences between the 2D and Particle avatars,
3D and Particle avatars, and 2D and 3D avatars were not statistically significant at
the a = 0.05 level.

For density 266 and the crowding perception, the non-parametric Friedman test
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Figure 4.12: Detecting Change Points in Valence with 3D Avatar Representations
using Binseg. The figure illustrates the detection of change points in valence with
3D avatar representations using the Binary Segmentation (Binseg) method. The red
dashed lines represent the identified change points at densities 8 and 162.

of differences among repeated measures rendered a chi-square value of 15.846, which
was significant (p = 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 0.0, unadjusted p = 0.000911, Holm-adjusted p =
0.002733. For the comparison between 3D and Particle avatars, W = 0.0, unadjusted
p = 0.157299, Holm-adjusted p = 0.157299. For the comparison between 2D and 3D
avatars, W = 14.0, unadjusted p = 0.012555, Holm-adjusted p = 0.025110. After
applying the Holm correction, the differences between the 2D and Particle avatars
and between the 2D and 3D avatars were statistically significant at the e = 0.05 level.

The difference between the 3D and Particle avatars was not statistically significant.
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density X2 pvalue mean particle (rank) mean 2D (rank) mean 3D (rank)
3 3.652  0.161 1.89 (3rd) 2.03 (1st) 1.97 (2und)
5 7.879  0.019* 1.91 (3rd) 2.13 (1st) 2.01 (2nd)
8 1.709  0.426 2.14 (3rd) 2.23 (1st) 2.22 (2nd)
13 9.324  0.009** 2.56 (2nd) 2.34 (3rd) 2.54 (1st)
22 4006 0.135 2.74 (3rd) 2.84 (Ist) 2.90 (2nd)
162 21.690 0.001** 3.97 (3rd) 3.74 (2nd) 4.04 (1st)
266 19.959  0.001** 4.08 (2nd) 3.80 (3rd) 4.16 (1st)

Table 4.14: Friedman Test and Mean Ranks for Arousal

The Table 4.14 includes columns for density, chi-square value (x?), p-value, and
the mean ranks for each type of stimuli (particle, 2D, and 3D) for arousal. Significant
p-values (less than 0.05) are marked with an asterisk (*) or double asterisk (**) to
indicate their level of significance.

For density 5 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 7.879, which was
significant (p = 0.019). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 313.0, unadjusted p = 0.005085, Holm-adjusted
p = 0.015256. For the comparison between 3D and Particle avatars, W = 298.5,
unadjusted p = 0.069023, Holm-adjusted p = 0.138046. For the comparison be-
tween 2D and 3D avatars, W = 461.0, unadjusted p = 0.240290, Holm-adjusted
p = 0.240290. After applying the Holm correction, the difference between the 2D and
Particle avatars was statistically significant at the o = 0.05 level. The differences
between the 3D and Particle avatars and between the 2D and 3D avatars were not
statistically significant.

For density 13 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 9.324, which was
significant (p = 0.009). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.

Particle.
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The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 710.5, unadjusted p = 0.007128, Holm-adjusted
p = 0.021385. For the comparison between 3D and Particle avatars, W = 1023.5,
unadjusted p = 0.905345, Holm-adjusted p = 0.905345. For the comparison be-
tween 2D and 3D avatars, W = 676.0, unadjusted p = 0.009268, Holm-adjusted
p = 0.021385. After applying the Holm correction, the differences between the 2D
and Particle avatars and between the 2D and 3D avatars were statistically significant
at the a = 0.05 level. The difference between the 3D and Particle avatars was not
statistically significant.

For density 162 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 21.690, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 323.0, unadjusted p = 0.002106, Holm-adjusted
p = 0.004211. For the comparison between 3D and Particle avatars, W = 513.0,
unadjusted p = 0.213803, Holm-adjusted p = 0.213803. For the comparison be-
tween 2D and 3D avatars, W = 371.0, unadjusted p = 0.000524, Holm-adjusted
p = 0.001572. After applying the Holm correction, the differences between the 2D
and Particle avatars and between the 2D and 3D avatars were statistically significant
at the a = 0.05 level. The difference between the 3D and Particle avatars was not
statistically significant.

For density 266 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 19.959, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 125.0, unadjusted p = 0.002455, Holm-adjusted
p = 0.004909. For the comparison between 3D and Particle avatars, W = 171.5,
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unadjusted p = 0.190307, Holm-adjusted p = 0.190307. For the comparison be-
tween 2D and 3D avatars, W = 112.0, unadjusted p = 0.000234, Holm-adjusted
p = 0.000702. After applying the Holm correction, the differences between the 2D
and Particle avatars and between the 2D and 3D avatars were statistically significant
at the @ = 0.05 level. The difference between the 3D and Particle avatars was not

statistically significant.

density x> p.value mean particle (rank) mean 2D (rank) mean 3D (rank)
3 0.245  0.885 3.59 (2nd) 3.69 (1st) 3.56 (3rd)
5 7.224  0.027* 3.57 (2nd) 3.40 (3rd) 3.33 (1st)
8 1302 0.521 3.38 (1st) 3.23 (3rd) 3.29 (2nd)
13 4971  0.083 2.93 (3rd) 3.10 (1st) 3.06 (2nd)
22 2006 0.367 2.75 (2nd) 2.82 (1st) 2.71 (3rd)
162 2213 0.331 2.07 (3rd) 2.22 (1st) 2.12 (2nd)
266 1.883  0.390 2.09 (2nd) 2.12 (1st) 2.12 (1st)

Table 4.15: Friedman Test and Mean Ranks for Dominance

The Table 4.15 includes columns for density, chi-square value (x?), p-value, and the
mean ranks for each type of stimuli (particle, 2D, and 3D) for dominance. Significant
p-values (less than 0.05) are marked with an asterisk (*) or double asterisk (**) to
indicate their level of significance.

For density 5 and the dominance attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 7.224, which was
significant (p = 0.027). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 538.0, unadjusted p = 0.109003, Holm-adjusted
p = 0.218007. For the comparison between 3D and Particle avatars, W = 668.5, un-
adjusted p = 0.023749, Holm-adjusted p = 0.071246. For the comparison between 2D
and 3D avatars, W = 733.5, unadjusted p = 0.446250, Holm-adjusted p = 0.446250.
After applying the Holm correction, none of the differences between the pairs of

avatars were statistically significant at the o = 0.05 level.
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density X2 pvalue mean particle (rank) mean 2D (rank) mean 3D (rank)
3 2.390  0.303 4.46 (1st) 4.35 (2nd) 4.46 (1st)
5 11.522  0.003** 4.44 (1st) 4.23 (3rd) 4.26 (2nd)
8 5.168  0.075 3.98 (1st) 3.95 (2nd) 3.82 (3rd)
13 7.579  0.023* 3.56 (2nd) 3.71 (1st) 3.50 (3rd)
22 3.044  0.218 3.08 (1st) 3.03 (2nd) 2.93 (3rd)
162 14.545 0.001** 1.39 (2nd) 1.39 (2nd) 1.26 (3rd)
266 20.702 0.001** 1.12 (Ist) 1.26 (3rd) 1.12 (1st)

Table 4.16: Friedman Test and Mean Ranks for Valence

The Table 4.16 includes columns for density, chi-square value (x?), p-value, and
the mean ranks for each type of stimuli (particle, 2D, and 3D) for valence. Significant
p-values (less than 0.05) are marked with an asterisk (*) or double asterisk (**) to
indicate their level of significance.

For density 5 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 11.522, which
was significant (p = 0.003). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 324.5, unadjusted p = 0.002546, Holm-adjusted
p = 0.007638. For the comparison between 3D and Particle avatars, W = 283.0, un-
adjusted p = 0.003930, Holm-adjusted p = 0.007859. For the comparison between 2D
and 3D avatars, W = 498.0, unadjusted p = 0.456911, Holm-adjusted p = 0.456911.
After applying the Holm correction, the differences between the 2D and Particle
avatars and between the 3D and Particle avatars were statistically significant at the
a = 0.05 level. The difference between the 2D and 3D avatars was not statistically
significant.

For density 13 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 7.579, which was
significant (p = 0.023). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.

Particle.
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The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 879.0, unadjusted p = 0.034979, Holm-adjusted
p = 0.069959. For the comparison between 3D and Particle avatars, W = 908.0, un-
adjusted p = 0.454347, Holm-adjusted p = 0.454347. For the comparison between 2D
and 3D avatars, W = 655.5, unadjusted p = 0.001820, Holm-adjusted p = 0.005460.
After applying the Holm correction, the difference between the 2D and 3D avatars
was statistically significant at the o = 0.05 level. The differences between the 2D
and Particle avatars and between the 3D and Particle avatars were not statistically
significant.

For density 162 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 14.545, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 325.0, unadjusted p = 0.891365, Holm-adjusted
p = 0.891365. For the comparison between 3D and Particle avatars, W = 203.0, un-
adjusted p = 0.031125, Holm-adjusted p = 0.062250. For the comparison between 2D
and 3D avatars, W = 247.5, unadjusted p = 0.019634, Holm-adjusted p = 0.058901.
After applying the Holm correction, the differences between the pairs of avatars were
not statistically significant at the v = 0.05 level.

For density 266 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 20.702, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 50.0, unadjusted p = 0.000413, Holm-adjusted p =
0.001238. For the comparison between 3D and Particle avatars, W = 45.0, unadjusted
p = 0.970566, Holm-adjusted p = 0.970566. For the comparison between 2D and 3D
avatars, W = 43.5, unadjusted p = 0.001057, Holm-adjusted p = 0.002113. After
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applying the Holm correction, the differences between the 2D and Particle avatars
and between the 2D and 3D avatars were statistically significant at the e = 0.05 level.

The difference between the 3D and Particle avatars was not statistically significant.

Exploring relationships

In Table 4.17, the intercorrelations between spatial crowding, arousal, valence, and
dominance were showed. Spatial crowding was found to have a strong negative cor-
relation with valence (r = —0.72), indicating that as perceived crowding increases,
feelings of valence decrease. Conversely, spatial crowding had a positive correlation
with arousal (r = 0.24), suggesting that higher levels of crowding are associated
with increased arousal. The correlation between spatial crowding and dominance
was weakly negative (r = —0.05), implying a negligible relationship. Arousal was
positively and weakly correlated with dominance (r = 0.14) and weakly negatively
correlated with valence (r = —0.18), indicating that higher arousal levels are slightly
associated with lower valence and higher dominance. Valence showed a weak positive
correlation with dominance (r = 0.22), suggesting that higher valence is moderately

associated with higher dominance.

1. Spatial Crowding

2. Arousal (SAM) 0.24

3. Valence (SAM) -0.72  -0.18

4. Dominance (SAM) -0.05 0.14 0.22

Table 4.17: Intercorrelations of Subjective Measures. Table presents the intercor-
relations between subjective measures, including spatial crowding, arousal (SAM),
valence (SAM), and dominance (SAM), showing the relationships between these vari-
ables.

4.2 Main Study

To check the replicability of our pilot results and extend them, a main study was
conducted. The main study ran from February 12, 2024, to March 16, 2024. Con-
ducted online using the Qualtrics platform, the study included 48 participants. Using
a within-subjects design, participants were exposed to experimental conditions vary-

ing in avatar representation (particle, 2D, and 3D) and density. The valid densities
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evaluated in the pilot study were 3, 5, 8, 13, 22, 36, 60, 98, 162, and 266, resulting
in 30 different stimuli and images. Unlike the pilot study, each stimulus in the main

study was shown to participants three times.

4.2.1 Demographics Report
Participants

A total of 48 participants completed the survey. The sample consisted of 33 women
(68.8%) and 15 men (31.3%).

Assigned Sex at Birth n %

Woman 33 688
Man 15 31.3

Table 4.18: Assigned Sex at Birth of Participants (N = 48)

Education Level

Participants reported various levels of education. The largest groups of participants
held a 4-year degree (33.3%) or a professional degree (33.3%). Additionally, 12.5% of
participants were currently working on a degree, 10.4% had completed a doctorate,

8.3% were high school graduates, and 2.1% held a 2-year degree.

Education Level n %

2-year degree 1 21
4-year degree 16 33.3
Degree in progress (currently working on a degree) 6 12.5
Doctorate 5 104
High school graduate 4 8.3
Professional degree 16 33.3

Table 4.19: Highest Completed Education Level of Participants (N = 48)

Design Experience

When asked about their design experience, 44 participants (91.7%) reported that
they do not consider themselves designers, while 4 participants (8.3%) identified as

designers.
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Do you consider yourself a designer?” n %

No 44 91.7
Yes 4 8.3

Table 4.20: Design Experience of Participants (N = 48)

4.2.2 Consistency Analysis for Repeated Stimuli

To address the research question of how users respond to viewing the same image
multiple times, I investigated the differences and similarities in their reactions. Our
primary research question (RQ1) is: How consistent are users’ crowding percep-
tions and emotional responses (valence, arousal, dominance) when exposed
to varying crowd densities and different avatar representations (particle,
2D, and 3D) multiple times?

I tested if the data was distributed normally or not by conducting the Shapiro-
Wilk test prior to making comparisons between stimuli. The results of the test showed
that for all stimuli, p-value < 0.001, indicating that none of these followed a normal
distribution. This is not surprising since such samples taken from Likert scales usu-
ally do not follow normal distributions. It should be noted that Likert responses
are ordinal and although they are often subjected to parametric tests that presume
interval-level measurement, this method is frequently inappropriate [37]. Therefore,
it was necessary to utilize non-parametric tests for further analysis.

In order for me to learn about any trends or inconsistencies in their responses,
I conducted the Friedman test. This method allowed me to determine if there were
any notable differences in the consistency of their reactions.

The Friedman test was then performed to evaluate the differences in participants’
responses across various conditions. This test is a non-parametric statistical test
used to detect differences in treatments across multiple test attempts. Specifically, it
checks if there is a significant difference in the rankings of responses when participants
are shown different stimuli. The rationale is that if the stimuli have an effect on the
participants’ ratings, the rankings will differ significantly across conditions. The
Friedman test helps verify these differences, ensuring that any observed differences in
rankings are not due to random variation.

The heatmap in Figure 4.13 illustrates the p-values derived from the Friedman test
across various stimuli, densities, and attributes. The p-values are color-coded, with

lower p-values (indicating statistically significant differences) represented in shades of
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P-Values from Friedman Test Across Stimuli, Densities, and Attributes
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Figure 4.13: Friedman Test across stimuli. The image illustrates the p-values derived
from the Friedman test across various stimuli, densities, and attributes. The p-values
are color-coded, with lower p-values (indicating statistically significant differences)
represented in shades of red and higher p-values in shades of green. The y-axis
labels in the heatmap represent combinations of stimuli types (2D, 3D, Particle)
and attributes (Valence, Crowding, Arousal, Dominance), indicating, for example,
"2d — va” for 2D valence, ”3d — ;" for 3D crowding, and "dot — ar” for particle
arousal, with each label describing the specific attribute being tested across varying
densities shown on the x-axis.

red and higher p-values in shades of green.

The Friedman test identifies statistically significant differences for particle avatar
representations. For valence at density 5, the non-parametric Friedman test of dif-
ferences among repeated measures rendered a chi-square value of 12.685, which was
significant (p = 0.002). For arousal at density 22, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 10.196, which was
significant (p = 0.006). For crowding perception at density 98, the non-parametric

Friedman test of differences among repeated measures rendered a chi-square value of
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12.043, which was significant (p = 0.002).

The Friedman test identified statistically significant differences for 2D avatar rep-
resentations. For valence at density 8, the non-parametric Friedman test of differences
among repeated measures rendered a chi-square value of 9.073, which was significant
(p = 0.011). For crowding perception at density 60, the non-parametric Friedman test
of differences among repeated measures rendered a chi-square value of 8, which was
significant (p = 0.018). For valence at density 266, the non-parametric Friedman test
of differences among repeated measures rendered a chi-square value of 7.396, which
was significant (p = 0.025).

The Friedman test identified a single statistically significant difference for 3D
avatar representations. For dominance at density 13, the non-parametric Friedman
test of differences among repeated measures rendered a chi-square value of 10.393,
which was significant (p = 0.006).

Post-hoc pairwise comparisons were not conducted as we were comparing the same
image three times and all the images were randomly seen by the participants, without

any specific order or point in time to be analyzed.

Creating composite scores from multiple variables

To create a composite variable, again I used the Intraclass Coefficient class (C, k) [80,
80].

Under the assumption of randomly selected raters, the ICC for interrater consis-
tency (C, k) assesses the reliability of the observed differences between subjects by
accounting for the variance due to subjects while excluding the rater effects. This
means it measures how consistently subjects are rated across different raters, and
for average ratings, it divides the error variance by the number of raters to reduce
rater-related errors. Essentially, ICC(C, k) for interrater consistency focuses on ex-
cluding the variability introduced by different raters rating the same image differently
at different times. It aims to measure the consistency of the observed differences be-
tween subjects while accounting for the average ratings across multiple raters, thereby
reducing the impact of rater-related errors or inconsistencies.

The intraclass correlation coefficients (ICCs) for different densities and attributes
were calculated across 2D, 3D, and Dot stimuli types. The results in Table 4.21
indicated high reliability across most conditions. Regarding the 2D stimuli type, the

ICC values ranged from 0.674 to 0.927 for crowding perception, indicating moderate
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to high reliability. For valence, the ICC values ranged from 0.810 to 0.928, indicating
high reliability. For arousal, the ICC values ranged from 0.784 to 0.944, indicating
high reliability. For dominance, the ICC values ranged from 0.812 to 0.923, indicating
high reliability.

Regarding the 3D stimuli type, the ICC values ranged from 0.616 to 0.892, in-
dicating moderate to high reliability for crowding perception. For valence, the ICC
values ranged from 0.762 to 0.932, indicating high reliability. For arousal, the ICC
values ranged from 0.793 to 0.944, indicating high reliability. For dominance, the ICC
values ranged from 0.795 to 0.955, indicating high reliability.

Regarding the particle stimuli type, the ICC values ranged from 0.758 to 0.902,
indicating high reliability for crowding perception. For valence, the ICC values ranged
from 0.762 to 0.889, indicating high reliability. For arousal, the ICC values ranged
from 0.781 to 0.897, indicating high reliability. For dominance, the ICC values ranged
from 0.812 to 0.931, indicating high reliability.

Compared to the pilot study, it seems that adding one more image in the main
study increased reliability, resulting in higher ICC scores. Based on these results, a
composite variable can be created by combining the two ratings for each stimulus

type and density into a single variable.

4.2.3 Descriptive analysis and thresholds

Stimuli Crowding Thresholds Valence Thresholds Arousal Thresholds Dominance Thresholds

Particle 8, 13, 60] 8, 36, 93] [, 36, 60] 8, 60]
2D [8, 22, 60] 8, 22, 98] [8, 60, 162] 8, 98]
3D 8, 36, 98] 8, 36, 98] [13, 36, 98] 13, 98]

Table 4.22: Change Point Detection using Binary Segmentation for Different Stimuli
Types and Attributes

Understanding the point at which density becomes crowding and how it impacts
emotional responses is crucial for various applications, especially in the design of
virtual environments. In this section, I will explore the methods to determine these
threshold densities. Our research question (RQ2) is: Is there a threshold density
at which users’ emotional responses significantly change?

To assess thresholds, the Changepoint Detection method will be used. The Binary
Segmentation (Binseg) method allows for precise identification of shifts in ratings,

providing insights into how perception varies with different avatar densities in 2D,
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3D, and Dot virtual environments. Change Point is a moment of time when a time
series changes its behaviour [2]. An overview of the change points can be seen in

Table 4.22, and the next sections will report on it in more detail.

Analysis of Crowding Perception Across Densities

Density (number of avatar representations in the room)

Stimuli 3 5 8 i3 22 36 60 98 162 266

Particle 1.24 (0.47) 1.58 (0.78) 2.27 (0.86) 2.80 (0.87) 3.36 (0.93) 3.65 (0.90) 4.18 (0.85) 4.71 (0.60) 4.90 (0.32) 4.95 (0.27)
2D 1.21 (0.55) 1.60 (0.82) 2.06 (0.94) 2.70 (1.01) 3.22 (0.99) 3.69 (0.94) 4.15 (0.79) 4.44 (0.76) 4.72 (0.54) 4.86 (0.39)
3D 1.21 (0.47) 1.56 (0.74) 2.06 (0.84) 2.72 (0.89) 3.24 (0.97) 3.67 (0.93) 4.07 (0.90) 4.45 (0.77) 4.77 (0.56) 4.93 (0.28)

Table 4.23: Descriptive statistics for crowding perception across different densities,
with mean values and standard deviations in parentheses. The table from the main
study indicates that mean values generally increase with density for 2D, 3D, and
particle stimuli, with standard deviations reflecting varying degrees of variability.

Participants report a greater crowding perception in environments with higher den-
sities, as this trend holds true across all three categories of stimuli (2D, 3D, and
particles). Furthermore, it appears that participants’ impressions of crowding be-
come more consistent at higher densities, as standard deviations tend to decrease as
density increases. There is a clear agreement across individuals, particularly when
it comes to 3D stimuli, since the variety in responses (standard deviation) decreases
with increasing densities.

The descriptive statistics for crowding perception across different densities and
stimuli types are summarized in Table 4.23. For the 2D stimuli, the mean crowding
perception values ranged from 1.21 (SD = 0.55) at a density of 3 to 4.86 (SD = 0.39)
at a density of 266. For the 3D stimuli, the mean values ranged from 1.21 (SD = 0.47)
at a density of 3 to 4.93 (SD = 0.28) at a density of 266. Lastly, for the particle
stimuli, the mean values ranged from 1.24 (SD = 0.47) at a density of 3 to 4.95
(SD = 0.27) at a density of 266.

The Figure 4.14 illustrates the detection of change points in crowding percep-
tion with particle, 2D and 3D avatar representations using the Binary Segmentation
(Binseg) method. The x-axis represents the density, while the y-axis represents the
crowding perception, ranging from Not Crowded at All to Way Too Crowded (1-
5). The blue points indicate the signal, with red dashed lines marking the identified
change points.

For particle avatar representations, change points were detected at the densities 8,

13, 60. The data shows that between densities 3 and 8, most participants reported a
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Detecting Change Points in Crowding with Particle Avatar Representations using Binseg
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change points in crowding perception with avatar representations using the Binary
Segmentation (Binseg) method. The red dashed lines represent the identified change

points.
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perception of ”"Not crowded at all” to "Not crowded.” Between densities 8 and 13, the
concentration of responses shifted predominantly to ”Not crowded.” Between densi-
ties 22 and 60, participants generally reported the crowding level as ” Comfortably
Occupied.” Above density 60, there was a noticeable shift, with many participants
rating the environment as ”"Somewhat crowded” or ”Way too Crowded.”

For 2D avatar representations, change points were detected at the densities 8,
22, 60. The data shows that between densities 3 and 8, most participants reported a
perception of ”Not crowded at all” to ” Not crowded.” Between densities 8 and 22, the
concentration of responses shifted predominantly to ”Not crowded” to ” Comfortably
Occupied.” Between densities 22 and 60, participants generally reported the crowding
level as ”Comfortably Occupied” to ”Somewhat crowded.” Above density 60, there
was a noticeable shift, with many participants rating the environment as ”Somewhat
crowded” or ”Way too Crowded.”

For 3D avatar representations, change points were detected at densities 8, 36, and
98. The data show that between densities 3 and 8, most participants reported a per-
ception of "Not crowded at all” to "Not crowded.” Between densities 8 and 36, the
concentration of responses was more scattered between "Not crowded” and ”Com-
fortably Occupied.” Similarly, between densities 36 and 98, responses were scattered
between ” Comfortably Occupied” and ”Way too Crowded.” Above density 98, many

participants rated the environment as ” Way too Crowded.”

Analysis of Arousal Across Densities

Participant responses show that arousal positively correlated with the number of
avatars present in the space. The standard deviation for 3D stimuli decreased from
a density of 5 to 36, then increased again at a density of 60. At densities below
approximately 36, participants reported an arousal level of 3 or below, suggesting
sensations of inactivity such as lethargy or monotony. However, when the densities
reached 60 or higher, participants exhibited higher arousal levels, indicating more

intense feelings of activity, such as excitement or alertness.
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Density (number of avatar representations in the room)

Stimuli 3 5 8 3 22 36 60 98 162 266

2D 1.79 (1.14) 1.85 (1.04) 2.06 (1.05) 2.31 (0.90) 2.63 (0.92) 2.83 (1.05) 3.15 (1.19) 3.51 (1.23) 3.64 (1.33) 3.83 (1.40)
3D 1.86 (1.22) 1.86 (1.01) 2.02 (0.92) 2.37 (0.99) 2.71 (0.93) 3.10 (1.07) 3.28 (1.17) 3.56 (1.28) 3.87 (1.27) 4.11 (1.35)
Dot 1.76 (1.07) 1.94 (1.09) 2.10 (0.95) 2.42 (0.93) 2.80 (1.07) 2.93 (1.03) 3.35 (1.14) 3.73 (1.31) 3.85 (1.40) 4.07 (1.41)

Table 4.24: Descriptive statistics for arousal across different densities, with mean val-
ues and standard deviations in parentheses. The table from the main study indicates
that mean values generally increase with density for 2D, 3D, and particle stimuli,
with standard deviations reflecting varying degrees of variability.

The descriptive statistics for arousal across different densities and stimuli types
are summarized in Table 4.24. For the 2D stimuli, the mean arousal values ranged
from 1.79 (SD = 1.14) at a density of 3 to 3.83 (SD = 1.40) at a density of 266. For
the 3D stimuli, the mean values ranged from 1.86 (SD = 1.22) at a density of 3 to
4.11 (SD = 1.35) at a density of 266. Lastly, for the particle stimuli, the mean values
ranged from 1.76 (SD = 1.07) at a density of 3 to 4.07 (SD = 1.41) at a density of
266.

The Figure 4.15 illustrates the detection of change points in arousal with particle,
2D and 3D avatar representations using the Binary Segmentation (Binseg) method.
The x-axis represents the density, while the y-axis represents the arousal scores, rang-
ing from Calm to Excited (1-5). The blue points indicate the signal, with red dashed
lines marking the identified change points.

For particle avatar representations, change points were detected at the densities
8, 36, 60. The data shows that between densities 3 and 8, most participants reported
arousal as ”Calm.” Between densities 8 and 36, the concentration of responses shifted
predominantly to "Dull” and ”Neutral.” Between densities 36 and 60, participants
generally reported the arousal level as ”Wide-awake.” Above density 60, responses
were more scattered between ” Wide-awake” or ” Excited.”

For 2D avatar representations, change points were detected at densities 8, 60,
and 162. The data show that between densities 3 and 8, most participants reported
arousal of 7Calm” to "Dull.” Between densities 13 and 60, the concentration of re-
sponses shifted predominantly to ”Dull” to ”Neutral.” Between densities 60 and 162,
participants generally reported the arousal level as ” Neutral” to ” Wide-awake.” Above
density 162, there was a noticeable shift, with many participants rating the environ-
ment as ”Excited.”

For 3D avatar representations, change points were detected at densities 13, 36,
and 98. The data show that between densities 3 and 13, most participants reported

arousal of "Calm” to "Dull.” Between densities 13 and 36, the concentration of re-
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density 162, many participants rated arousal level as ”Excited.”

Density (number of avatar representations in the room)

13 22 36 60 98 162 266
1.31) 2.99 (1.04) 2.94 (1.07) 2.73 (1.03) 2.58 (1.21) 2.43 (1.46) 2.31 (1.59) 2.3
1.31) 310 (1.13) 2.90 (1.09) 2.73 (1.00) 2.72 (1.17) 247 (1.29) 2.29 (1.38) 2.
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Table 4.25: Descriptive statistics for dominance across different densities, with mean
values and standard deviations in parentheses. The table from the main study in-
dicates that mean values generally decrease with density for 2D, 3D, and particle
stimuli, with standard deviations reflecting varying degrees of variability.

Analysis of Dominance Across Densities

Dominance exhibits a different behavior compared to the other subjective measures.
While all avatar types show a progressive reduction in dominance as density increases,
the changes are not as consistent as for the other attributes. For this reason, domi-
nance has mainly two change points. For 3D stimuli, the mean dominance perception
is very similar at densities 36 and 60, and again at densities 98 and 162. A similar
pattern occurs for 2D stimuli at densities 36 and 60. The feeling of dominance does
not decrease as steadily for particle stimuli and does not always drop. Overall, as
density increases for all avatar types, the sense of empowerment and being in control
diminishes, although the severity varies. The standard deviation fluctuates somewhat
but remains relatively constant.

The descriptive statistics for dominance across different densities and stimuli types
are summarized in Table 4.25. For the 2D stimuli, the mean dominance values ranged
from 3.44 (SD = 1.60) at a density of 3 to 2.34 (SD = 1.55) at a density of 266. For
the 3D stimuli, the mean values ranged from 3.32 (SD = 1.63) at a density of 3 to
2.24 (SD = 1.64) at a density of 266. Lastly, for the particle stimuli, the mean values
ranged from 3.39 (SD = 1.56) at a density of 3 to 2.35 (SD = 1.69) at a density of
266.

The Figure 4.16 illustrates the detection of change points in dominance with par-
ticle, 2D and 3D avatar representations using the Binary Segmentation (Binseg)
method. The x-axis represents the density, while the y-axis represents the domi-
nance scores, ranging from Controlled to In-control (1-5). The blue points indicate
the signal, with red dashed lines marking the identified change points.

For particle avatar representations, change points were detected at the densities 8

and 60. The data shows that between densities 3 and 8, participants reported feelings
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ranging from ”In-control” to ” Neutral, indicating higher levels of dominance. Between

densities 13 and 60, the responses showed a wider distribution, with participants
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reporting from ”Powerful” to ”Powerlessness.” This range suggests a decreasing sense
of dominance as density grows within this interval. Above density 98, the perceived
dominance remained diverse but indicated a slight tendency towards ” Powerlessness”
to ”Controlled.”

For 2D avatar representations, change points were detected at densities 8 and
98. The data shows that between densities 3 and 8, participants reported feelings
ranging from " In-control” to ”Neutral, indicating higher levels of dominance. Between
densities 13 and 98, the responses showed a wider distribution, with participants
reporting from ” Powerful” to ” Powerlessness.” This range suggests a decreasing sense
of dominance as density grows within this interval. Above density 98, the perceived
dominance remained diverse but indicated a slight tendency towards ” Powerlessness”
to 7 Controlled.”

For 3D avatar representations, change points were detected at densities 13 and
98. The data shows that between densities 3 and 13, participants reported feelings
ranging from ”In-control” to ” Neutral, indicating higher levels of dominance. Between
densities 13 and 98, the responses showed a wider distribution, with participants
reporting from ”Neutral” to "Powerlessness.” This range suggests a decreasing sense
of dominance as density grows within this interval. Above density 98, the perceived
dominance remained diverse but indicated a slight tendency towards ” Powerlessness”
to ”Controlled.”

Density (number of avatar representations in the room)
Stimuli 3 5 8 13 22 36 60 98 162 266
Particle 4.36 (0.84) 4.21(0.89) 3.74 (0.93) 3.26 (0.95) 2.88 (0.99) 2.57 (0.92) 2.24 (0.96) 1.75(0.96) 1.49 (0.84) 1.30 (0.81)
2D 4.38 (0.90) 4.01 (0.94) 3.76 (0.98) 3.26 (0.99) 2.96 (1.00) 2.61 (0.91) 2.31 (1.00) 2.02(0.98) 1.72(0.93) 1.43 (0.78)
3D 4.38 (0.91) 4.14 (0.92) 3.79 (0.93) 3.33 (0.92) 2.99 (0.86) 2.62(0.99) 2.26 (1.04) 2.01 (1.06) 1.60 (0.88) 1.32 (0.76)

Table 4.26: Descriptive statistics for valence across different densities, with mean val-
ues and standard deviations in parentheses. The table from the main study indicates
that mean values generally decrease with density for 2D, 3D, and particle stimuli,
with standard deviations reflecting varying degrees of variability.

Analysis of Valence Across Densities

Valence exhibits a progressive reduction in pleasant sentiments as density increases.
Overall, as density increases for all avatar types, the perception of valence diminishes,
although the severity varies. The standard deviation remains relatively constant,
suggesting that the level of variability in responses is similar across various densities

and avatar types.
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Figure 4.17: Detecting Change Points in Valence with Particle, 2D and 3D Avatar
Representations using Binseg. The figure illustrates the detection of change points in
valence with avatar representations using the Binary Segmentation (Binseg) method.
The red dashed lines represent the identified change points.

The descriptive statistics for valence across different densities and stimuli types

are summarized in Table 4.16. For the 2D stimuli, the mean valence values ranged
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from 4.38 (SD = 0.90) at a density of 3 to 1.43 (SD = 0.78) at a density of 266. For
the 3D stimuli, the mean values ranged from 4.38 (SD = 0.91) at a density of 3 to
1.32 (SD = 0.76) at a density of 266. Lastly, for the particle stimuli, the mean values
ranged from 4.36 (SD = 0.84) at a density of 3 to 1.30 (SD = 0.81) at a density of
266.

The Figure 4.16 illustrates the detection of change points in valence with particle,
2D and 3D avatar representations using the Binary Segmentation (Binseg) method.
The x-axis represents the density, while the y-axis represents the valence scores, rang-
ing from unpleasant to pleasant (1-5). The blue points indicate the signal, with red
dashed lines marking the identified change points.

For particle avatar representations, change points were detected at the densities
8, 36, and 98. The data shows that between densities 3 and 8, participants reported
feelings ranging from ”Pleasant” to ”Neutral,” indicating higher levels of valence.
Between densities 13 and 60, participants reported feelings from ”Pleased” to ”Neu-
tral.” Between densities 60 and 98, participants generally reported the valence level
as "Neutral” to ”Unsatisfied.” Above density 98, there was a noticeable shift, with
many participants rating the environment as ”Unsatisfied” to ”Unpleasant.”

For 2D avatar representations, change points were detected at the densities 8, 22,
and 98. The data shows that between densities 3 and 8, participants reported feelings
ranging from ”Pleasant” to "Neutral,” indicating higher levels of valence. Between
densities 8 and 36, participants reported high feelings from ”Pleased” to ”Neutral.”
Between densities 36 and 98, participants reported the valence level as ”Neutral” to
”Unsatisfied.” Above density 98, there was a noticeable shift, with many participants
rating the environment as ” Unsatisfied” to ” Unpleasant.”

For 3D avatar representations, change points were detected at the densities 8, 36,
and 98. The data shows that between densities 3 and 8, participants reported feelings
ranging from ”Pleasant” to ”Neutral,” indicating higher levels of valence. Between
densities 8 and 36, participants reported high feelings from ”Pleased” to ”Neutral.”
Between densities 36 and 98, participants reported the valence level as "Neutral” to
”Unsatisfied.” Above density 98, there was a noticeable shift, with many participants

rating the environment as ”Unsatisfied” to ” Unpleasant.”
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Assessing differences between avatar representation

To find out if there are differences between different types of avatar representations,
we use the Friedman Test. As mentioned in Chapter 3. If the Friedman Test tells us
that the rankings are different, we then use another test called the Wilcoxon signed-

rank test as post-hoc to see exactly which avatars are different from each other.

density x> pwalue mean particle (rank) mean 2D (rank) mean 3D (rank)
3 2571 0.276 1.24 (1st) 1.21 (2nd) 1.21 (2nd)
5 0292  0.864 1.58 (2nd) 1.60 (1st) 1.56 (3rd)
8 14.652  0.001** 2.27 (1st) 2.06 (2nd) 2.06 (31d)
13 2.687  0.261 2.80 (1st) 2.70 (31d) 2.72 (2nd)
22 4583 0.101 3.36 (1st) 3.22 (3rd) 3.24 (2nd)
36 0.933 0.627 3.65 (3rd) 3.69 (1st) 3.67 (2nd)
60 2045  0.360 4.18 (1st) 4.15 (2nd) 4.07 (3rd)
98 30.618 0.001%* 471 (1st) 4.44 (3rd) 4.45 (2nd)
162 25.025 0.001%* 4.90 (1st) 472 (31d) 4.77 (2nd)
266 10.778  0.005%* 4.95 (1st) 4.86 (3rd) 4.93 (2nd)

Table 4.27: Friedman Test and Mean Ranks for Crowding Perception. The table
presents the results of the main study, showing the chi-square (x?) values, p-values
(p_value), and mean ranks for particle, 2D, and 3D stimuli across different densities.

The Table 4.27 includes columns for density, chi-square value (x?), p-value, and
the mean ranks for each type of stimuli (particle, 2D, and 3D) for crowding perception.
Significant p-values (less than 0.05) are marked with an asterisk (*) or double asterisk
(**) to indicate their level of significance. Figure 4.18 illustrate the mean raking
through all the densities for crowding perception.

For density 8 and the crowding perception, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 14.652, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and 3D avatars, W = 818.0, unadjusted p = 0.941, Holm-adjusted p = 0.941.
For the comparison between 2D and Particle avatars, W = 658.0, unadjusted p =
0.000877, Holm-adjusted p = 0.00263. For the comparison between 3D and Particle
avatars, W = 609.0, unadjusted p = 0.000916, Holm-adjusted p = 0.00263. After
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Figure 4.18: Mean crowding perception across densities. The image illustrates the
relationship between density (number of avatar representations in the room) and
mean crowding perception for three different stimuli types: 2D, 3D, and particle
(dot) avatars. The x-axis represents the density, ranging from 0 to 266, while the
y-axis shows the mean crowding perception, ranging from 1 to 5.

applying the Holm correction, the differences between the 2D and Particle avatars
and between the 3D and Particle avatars were statistically significant at the o = 0.05
level. The difference between the 2D and 3D avatars was not statistically significant.

For density 98 and the crowding perception, the non-parametric Friedman test
of differences among repeated measures rendered a chi-square value of 30.618, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 176.0, unadjusted p = 0.000003, Holm-adjusted
p = 0.000010. For the comparison between 3D and Particle avatars, W = 220.5, un-
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adjusted p = 0.000003, Holm-adjusted p = 0.000010. For the comparison between 2D
and 3D avatars, W = 421.0, unadjusted p = 0.892053, Holm-adjusted p = 0.892053.
After applying the Holm correction, the differences between the 2D and Particle
avatars, and 3D and Particle avatars were statistically significant at the a = 0.05
level. The difference between the 2D and 3D avatars was not statistically significant.

For density 162 and the crowding perception, the non-parametric Friedman test
of differences among repeated measures rendered a chi-square value of 25.025, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 0.0, unadjusted p = 0.000001, Holm-adjusted p =
0.000004. For the comparison between 3D and Particle avatars, W = 44.0, unadjusted
p = 0.001613, Holm-adjusted p = 0.003226. For the comparison between 2D and 3D
avatars, W = 187.0, unadjusted p = 0.108226, Holm-adjusted p = 0.108226. After
applying the Holm correction, the differences between the 2D and Particle avatars,
and 3D and Particle avatars were statistically significant at the v = 0.05 level. The
difference between the 2D and 3D avatars was not statistically significant.

For density 266 and the crowding perception, the non-parametric Friedman test
of differences among repeated measures rendered a chi-square value of 10.778, which
was significant (p = 0.005). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 24.0, unadjusted p = 0.006789, Holm-adjusted p =
0.020366. For the comparison between 3D and Particle avatars, W = 3.0, unadjusted
p = 0.179712, Holm-adjusted p = 0.179712. For the comparison between 2D and 3D
avatars, W = 19.5, unadjusted p = 0.025373, Holm-adjusted p = 0.050745. After
applying the Holm correction, the differences between the 2D and Particle avatars
were statistically significant at the o = 0.05 level. The differences between the 3D

and Particle avatars, and 2D and 3D avatars were not statistically significant.
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density 2 p-value  mean particle (rank) mean 2D (rank) mean 3D (rank)

3 2.121 0.346 1.76 (3rd) 1.79 (2nd) 1.86 (1st)
5 6.379  0.041* 1.94 (1st) 1.85 (3rd) 1.86 (2nd)
8 2267 0.322 2.10 (1st) 2.06 (2nd) 2.02 (31d)
13 1.964  0.375 2.42 (1st) 2.31 (3rd) 2.37 (2nd)
22 6536 0.038* 2.80 (1st) 2.62 (3rd) 2.71 (2nd)
36 11751  0.003** 2.93 (2nd) 2.83 (31d) 3.10 (1st)
60 8.489 0.014* 3.35 (1st) 3.15 (3rd) 3.28 (2nd)
98 15.696 < 0.001** 3.73 (1st) 3.51 (3rd) 3.56 (2nd)
162 15206 < 0.001%* 3.85 (2nd) 3.64 (3rd) 3.87 (1st)
266 25.532 < 0.001%* 4.07 (2nd) 3.83 (3rd) 4.11 (1st)

Table 4.28: Friedman Test and Mean Ranks for Arousal. The table presents the
results of the main study, showing the chi-square (y?) values, p-values (p_value), and
mean ranks for particle, 2D, and 3D stimuli across different densities.

The Table 4.28 includes columns for density, chi-square value (x?), p-value, and
the mean ranks for each type of stimuli (particle, 2D, and 3D) for arousal. Significant
p-values (less than 0.05) are marked with an asterisk (*) or double asterisk (**) to
indicate their level of significance. Figure 4.19 illustrate the mean raking through all
the densities for arousal scores.

For density 5 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 6.379, which was
significant (p = 0.041). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 363.0, unadjusted p = 0.161362, Holm-adjusted
p = 0.484085. For the comparison between 3D and Particle avatars, W = 562.0, un-
adjusted p = 0.207586, Holm-adjusted p = 0.484085. For the comparison between 2D
and 3D avatars, W = 474.0, unadjusted p = 0.599827, Holm-adjusted p = 0.599827.
After applying the Holm correction, none of the differences were statistically signifi-
cant at the a = 0.05 level.

For density 22 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 6.536, which was
significant (p = 0.038). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon

signed-rank test with Holm correction for multiple comparisons. The following pairs
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Figure 4.19: Mean arousal score across densities. The image illustrates the rela-
tionship between density (number of avatar representations in the room) and mean
arousal scores for three different stimuli types: 2D, 3D, and particle (dot) avatars.
The x-axis represents the density, ranging from 0 to 266, while the y-axis shows the
mean arousal, ranging from 1 to 5.

of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 905.5, unadjusted p = 0.023160, Holm-adjusted
p = 0.069479. For the comparison between 3D and Particle avatars, W = 935.5, un-
adjusted p = 0.169573, Holm-adjusted p = 0.339145. For the comparison between 2D
and 3D avatars, W = 903.5, unadjusted p = 0.229077, Holm-adjusted p = 0.339145.
After applying the Holm correction, none of the differences were statistically signifi-
cant at the a = 0.05 level.

For density 36 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 11.751, which
was significant (p = 0.003). To investigate the significant differences identified by the

Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
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signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 1056.0, unadjusted p = 0.158094, Holm-adjusted
p = 0.158094. For the comparison between 3D and Particle avatars, W = 805.5,
unadjusted p = 0.014719, Holm-adjusted p = 0.029438. For the comparison be-
tween 2D and 3D avatars, W = 323.0, unadjusted p = 0.000224, Holm-adjusted
p = 0.000671. After applying the Holm correction, the differences between the 3D
and Particle avatars and between the 2D and 3D avatars were statistically significant
at the a = 0.05 level. The difference between the 2D and Particle avatars was not
statistically significant.

For density 60 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 8.489, which was
significant (p = 0.014). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 670.5, unadjusted p = 0.007457, Holm-adjusted
p = 0.022372. For the comparison between 3D and Particle avatars, W = 881.0,
unadjusted p = 0.255911, Holm-adjusted p = 0.291581. For the comparison be-
tween 2D and 3D avatars, W = 860.0, unadjusted p = 0.145790, Holm-adjusted
p = 0.291581. After applying the Holm correction, the difference between the 2D and
Particle avatars was statistically significant at the o = 0.05 level. The differences
between the 3D and Particle avatars and between the 2D and 3D avatars were not
statistically significant.

For density 98 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 15.696, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.

Particle.
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The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 600.5, unadjusted p = 0.001757, Holm-adjusted
p = 0.005272. For the comparison between 3D and Particle avatars, W = 734.0,
unadjusted p = 0.029332, Holm-adjusted p = 0.058664. For the comparison be-
tween 2D and 3D avatars, W = 589.0, unadjusted p = 0.331677, Holm-adjusted
p = 0.331677. After applying the Holm correction, the difference between the 2D and
Particle avatars was statistically significant at the o = 0.05 level. The differences
between the 3D and Particle avatars and between the 2D and 3D avatars were not
statistically significant.

For density 162 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 15.296, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 535.5, unadjusted p = 0.005344, Holm-adjusted
p = 0.010688. For the comparison between 3D and Particle avatars, W = 712.0,
unadjusted p = 0.974449, Holm-adjusted p = 0.974449. For the comparison be-
tween 2D and 3D avatars, W = 279.0, unadjusted p = 0.002735, Holm-adjusted
p = 0.008205. After applying the Holm correction, the differences between the 2D
and Particle avatars and between the 2D and 3D avatars were statistically significant
at the a = 0.05 level. The difference between the 3D and Particle avatars was not
statistically significant.

For density 266 and the arousal attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 25.532, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 407.5, unadjusted p = 0.004667, Holm-adjusted
p = 0.009335. For the comparison between 3D and Particle avatars, W = 313.5,
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unadjusted p = 0.747912, Holm-adjusted p = 0.747912. For the comparison be-
tween 2D and 3D avatars, W = 301.5, unadjusted p = 0.000668, Holm-adjusted
p = 0.002003. After applying the Holm correction, the differences between the 2D
and Particle avatars and between the 2D and 3D avatars were statistically significant
at the @ = 0.05 level. The difference between the 3D and Particle avatars was not

statistically significant.

density x? poalue mean particle (rank) mean 2D (rank) mean 3D (rank)

3 1.823  0.402 3.39 (2nd) 3.44 (1st) 3.32 (3rd)
5 1.638  0.441 3.40 (1st) 3.35 (2nd) 3.29 (3rd)
8 3.255  0.196 3.19 (2nd) 3.40 (1st) 3.19 (2nd)
13 2474 0.290 2.99 (2nd) 3.10 (1st) 2.96 (3rd)
22 3.135  0.209 2.94 (1st) 2.90 (2nd) 2.79 (3rd)
36 6.969  0.031* 2.73 (1st) 2.73 (1st) 2.58 (3rd)
60 3211 0.201 2.58 (2nd) 2.72 (1st) 2.58 (2nd)
98 0.858  0.651 2.43 (2nd) 2.47 (1st) 2.41 (3rd)
162 0.528  0.768 2.31 (2nd) 2.29 (3rd) 2.38 (1st)
266 1.511  0.470 2.35 (1st) 2.34 (2nd) 2.24 (3rd)

Table 4.29: Friedman Test and Mean Ranks for Dominance. The table presents the
results of the main study, showing the chi-square (x?) values, p-values (p_value), and
mean ranks for particle, 2D, and 3D stimuli across different densities.

The Table 4.29 includes columns for density, chi-square value (x?), p-value, and the
mean ranks for each type of stimuli (particle, 2D, and 3D) for dominance. Significant
p-values (less than 0.05) are marked with an asterisk (*) or double asterisk (**) to
indicate their level of significance. Figure 4.20 illustrate the mean raking through all
the densities for dominance scores.

For density 36 and the dominance attribute, the non-parametric Friedman test
of differences among repeated measures rendered a chi-square value of 6.969, which
was significant (p = 0.031). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 898.0, unadjusted p = 0.892549, Holm-adjusted
p = 0.892549. For the comparison between 3D and Particle avatars, W = 622.0, un-
adjusted p = 0.020506, Holm-adjusted p = 0.061518. For the comparison between 2D
and 3D avatars, W = 554.0, unadjusted p = 0.029573, Holm-adjusted p = 0.061518.
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Figure 4.20: Mean dominance score across densities. The image illustrates the rela-
tionship between density (number of avatar representations in the room) and mean
dominance scores for three different stimuli types: 2D, 3D, and particle (dot) avatars.
The x-axis represents the density, ranging from 0 to 266, while the y-axis shows the
mean dominance, ranging from 1 to 5.

After applying the Holm correction, the differences between the 2D and Particle
avatars, 3D and Particle avatars, and 2D and 3D avatars were not statistically signif-
icant at the a = 0.05 level.

The Table 4.30 includes columns for density, chi-square value (x?), p-value, and
the mean ranks for each type of stimuli (particle, 2D, and 3D) for valence. Significant
p-values (less than 0.05) are marked with an asterisk (*) or double asterisk (**) to
indicate their level of significance. Figure 4.21 illustrate the mean raking through all

the densities for valence scores.
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Density x>  powalue Mean Particle (rank) Mean 2D (rank) Mean 3D (rank)

3 0.363  0.834 4.36 (3rd) 4.38 (1st) 4.38 (1st)
5 5855  0.054 4.21 (1st) 4.01 (3rd) 4.14 (2nd)
8 0518  0.772 3.74 (3rd) 3.76 (2nd) 3.79 (1st)
13 1559 0.459 3.26 (2nd) 3.26 (2nd) 3.33 (1st)
22 5946 0.051 2.88 (3rd) 2.96 (2nd) 2.99 (1st)
36 0462  0.794 2.57 (3rd) 2.61 (2nd) 2.62 (1st)
60 0574  0.751 2.24 (3rd) 2.31 (1st) 2.26 (2nd)
98 24.675 0.001%* 1.75 (3rd) 2.02 (1st) 2.01 (2nd)
162 15.647 0.001%* 1.49 (3rd) 1.72 (1st) 1.60 (2nd)
266 13.857 0.001%* 1.30 (3rd) 1.43 (1st) 1.32 (2nd)

Table 4.30: Friedman Test and Mean Ranks for Valence. The table presents the
results of the main study, showing the chi-square (y?) values, p-values (p_value), and
mean ranks for particle, 2D, and 3D stimuli across different densities.

For density 5 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 5.855, which was
not significant (p = 0.054). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 421.0, unadjusted p = 0.005410, Holm-adjusted
p = 0.016231. For the comparison between 3D and Particle avatars, W = 660.0,
unadjusted p = 0.326607, Holm-adjusted p = 0.326607. For the comparison be-
tween 2D and 3D avatars, W = 516.5, unadjusted p = 0.148993, Holm-adjusted
p = 0.297987. After applying the Holm correction, the difference between the 2D and
Particle avatars was statistically significant at the a = 0.05 level. The differences
between the 3D and Particle avatars and between the 2D and 3D avatars were not
statistically significant.

For density 98 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 24.675, which
was significant (p < 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.

Particle.
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Figure 4.21: Mean valence score across densities. The image illustrates the rela-
tionship between density (number of avatar representations in the room) and mean
valence scores for three different stimuli types: 2D, 3D, and particle (dot) avatars.
The x-axis represents the density, ranging from 0 to 266, while the y-axis shows the
mean valence, ranging from 1 to 5.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 289.5, unadjusted p = 0.000052, Holm-adjusted
p = 0.000157. For the comparison between 3D and Particle avatars, W = 545.5, un-
adjusted p = 0.000686, Holm-adjusted p = 0.001372. For the comparison between 2D
and 3D avatars, W = 466.0, unadjusted p = 0.717968, Holm-adjusted p = 0.717968.
After applying the Holm correction, the differences between the 2D and Particle
avatars and between the 3D and Particle avatars were statistically significant at the
a = 0.05 level. The difference between the 2D and 3D avatars was not statistically
significant.

For density 162 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 15.647, which
was significant (p < 0.001). To investigate the significant differences identified by the

Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
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signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison be-
tween 2D and Particle avatars, W = 283.5, unadjusted p = 0.000240, Holm-adjusted
p = 0.000719. For the comparison between 3D and Particle avatars, W = 484.5,
unadjusted p = 0.073384, Holm-adjusted p = 0.146551. For the comparison be-
tween 2D and 3D avatars, W = 461.5, unadjusted p = 0.073276, Holm-adjusted
p = 0.146551. After applying the Holm correction, the difference between the 2D and
Particle avatars was statistically significant at the a = 0.05 level. The differences
between the 3D and Particle avatars and between the 2D and 3D avatars were not
statistically significant.

For density 266 and the valence attribute, the non-parametric Friedman test of
differences among repeated measures rendered a chi-square value of 13.857, which
was significant (p = 0.001). To investigate the significant differences identified by the
Friedman test, post-hoc pairwise comparisons were conducted using the Wilcoxon
signed-rank test with Holm correction for multiple comparisons. The following pairs
of avatar representations were compared: 2D vs. 3D, 2D vs. Particle, and 3D vs.
Particle.

The Wilcoxon signed-rank test results are as follows: For the comparison between
2D and Particle avatars, W = 126.0, unadjusted p = 0.002308, Holm-adjusted p =
0.006923. For the comparison between 3D and Particle avatars, W = 94.5, unadjusted
p = 0.414216, Holm-adjusted p = 0.414216. For the comparison between 2D and 3D
avatars, W = 116.0, unadjusted p = 0.007633, Holm-adjusted p = 0.015267. After
applying the Holm correction, the differences between the 2D and Particle avatars
and between the 2D and 3D avatars were statistically significant at the o = 0.05 level.

The difference between the 3D and Particle avatars was not statistically significant.

Exploring relationships

In Table 4.31, the intercorrelations between spatial crowding, arousal, valence, and
dominance were showed. Spatial crowding was found to have a strong negative cor-
relation with valence (r = —0.72), indicating that as perceived crowding increases,
feelings of valence decrease. Conversely, spatial crowding had a positive correlation

with arousal (r = 0.24), suggesting that higher levels of crowding are associated



93

with increased arousal. The correlation between spatial crowding and dominance
was weakly negative (r = —0.05), implying a negligible relationship. Arousal was
positively and weakly correlated with dominance (r = 0.14) and weakly negatively
correlated with valence (r = —0.18), indicating that higher arousal levels are slightly
associated with lower valence and higher dominance. Valence showed a weak positive
correlation with dominance (r = 0.22), suggesting that higher valence is moderately

associated with higher dominance.

1 2 3
1. Spatial Crowding 1.00
2. Arousal (SAM) 0.45 1.00
3. Valence (SAM) -0.79 -0.47 1.00

4. Dominance (SAM) -0.03 0.13 024 1.00

Table 4.31: Intercorrelations of Subjective Measures. Table presents the intercor-
relations between subjective measures, including spatial crowding, arousal (SAM),
valence (SAM), and dominance (SAM), showing the relationships between these vari-
ables.
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Density  Attribute 2d 3d Dot
3 Crowding Perception 0.780 0.803 0.866
3 Valence 0.909 0.846 0.808
3 Arousal 0.903 0.944 0.853
3 Dominance 0.877 0.867 0.886
5 Crowding Perception 0.918 0.872 0.812
5 Valence 0.810 0.908 0.863
5 Arousal 0.900 0.845 0.874
5} Dominance 0.858 0.817 0.862
8 Crowding Perception 0.881 0.825 0.796
8 Valence 0.894 0.889 0.762
8 Arousal 0.882 0.821 0.837
8 Dominance 0.923 0.868 0.900
13 Crowding Perception 0.859 0.833 0.849
13 Valence 0.815 0.762 0.796
13 Arousal 0.784 0.840 0.789
13 Dominance 0.812 0.795 0.868
22 Crowding Perception 0.927 0.868 0.844
22 Valence 0.883 0.850 0.822
22 Arousal 0.901 0.794 0.844
22 Dominance 0.899 0.817 0.864
36 Crowding Perception 0.789 0.892 0.758
36 Valence 0.814 0.903 0.798
36 Arousal 0.900 0.917 0.867
36 Dominance 0.853 0.879 0.812
60 Crowding Perception 0.815 0.807 0.764
60 Valence 0.881 0.817 0.872
60 Arousal 0.849 0.836 0.883
60 Dominance 0.895 0.811 0.874
98 Crowding Perception 0.900 0.804 0.902
98 Valence 0.874 0.876 0.873
98 Arousal 0.900 0.890 0.781
98 Dominance 0.909 0.867 0.853
162 Crowding Perception 0.717 0.616 0.758
162 Valence 0.928 0.757 0.773
162 Arousal 0.944 0.923 0.897
162 Dominance 0.855 0.883 0.931
266 Crowding Perception 0.674 0.826 0.898
266 Valence 0.874 0.932 0.889
266 Arousal 0.914 0.890 0.781
266 Dominance 0.909 0.872 0.853

Table 4.21: ICC(C, k) for Different Densities and Attributes. The table shows that
ICC(C, k) values for different densities and attributes across 2D, 3D, and Particle
stimuli types generally indicate high reliability, with most values above 0.7.
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Chapter 5
Discussions

In this thesis, I examined how different avatar types and densities affect users’ ex-
periences in virtual spaces. Similar to physical environments, virtual crowding can
influence users’ comfort and emotional states, which is increasingly important as more
interactions shift to digital platforms. This statement was not only mentioned in re-
lated work, but it was also confirmed by the results of my experiments. The purpose
of this work was to gain a better understanding of how crowding affects experiences in
these spaces and whether these effects align with traditional architectural principles.

My journey began with an interest in how digital spaces could mimic or diverge
from the physical ones we are so accustomed to. To explore this, I adopted a within-
subjects strategy, recruiting participants through various channels to ensure a diverse
and representative sample for two experiments. Participants reviewed visual repre-
sentations of rooms with varying degrees of crowding and avatar types, allowing me
to gather robust and unbiased data. This methodological choice was crucial in cap-
turing the nuances of how crowd density and avatar representation impact crowding
perception.

As the data started to come in, intriguing patterns emerged. It became clear
that users’ perceptions of crowding and their emotional responses were not consistent
across multiple exposures to varying crowd densities and different avatar representa-
tions. This inconsistency suggests that the type of avatar representation used might
significantly influence these perceptions. Going deeper, I was able to identify thresh-
olds and change points where emotional responses shifted significantly.

Moreover, different types of avatar representations—particle, 2D, and 3D—had
distinct impacts on users’ perceptions of crowding and their emotional responses.

This finding was particularly compelling as it highlighted the complexity of virtual
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crowding dynamics and underscored the importance of thoughtful design in digital
environments. These and other findings are discussed in greater detail in the following
sections.

In summary, this thesis explores the impact of avatar density and representation in
virtual environments on user perceptions and emotional reactions, thereby deepening
our understanding of crowding perception. By meticulously studying various avatar
types at different crowd densities, this research offers valuable insights into the emo-
tional and psychological dynamics of virtual crowding. In the subsequent sections, I
will connect these findings with the research questions posed in Chapter 3, discuss
the limitations of the work, and demonstrate how the chosen methodology facilitated
these new insights. Ultimately, I hope this work will provide a foundation for future
research and offer practical recommendations for designing more user-friendly virtual
environments.

These findings indicate that while there were generally consistent responses, cer-
tain densities and avatar representations exhibited significant inconsistencies.

Como designer, sabemos a importancia da consistencia para desenvolver proje-
tos, mas ao mesmo tempo eh preciso ter consciencia que somos individuos unicos e
que inconsistencia podem acontecer. Com esses findings, espero que facilite para en-
tender melhor aonde exatamente essas inconsistencias acontecem, para facilitar que

trabalhemos com ela.—

5.1 Connecting findings with research questions

This section presents the findings from the pilot and main studies, connecting the
research questions, hypotheses, and results to provide an understanding of the impact
of avatar density and representation on user perceptions and emotional reactions in
virtual environments.

The pilot study ran from March 28, 2023, to October 12, 2023, with 70 partici-
pants. Using a within-subjects design, participants were shown each stimulus twice
and were exposed to different experimental conditions that changed the density and
type of avatar representation (particle, 2D, and 3D). The findings from the pilot study
are summarized below. The main study ran from February 12, 2024, to March 16,
2024, with 48 participants. The study aimed to replicate and extend the pilot study

findings, including more densities and showing each stimulus three times.
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5.1.1 User Perception Consistency in Virtual Crowds: Avatar

Type Matters

In our first research question, RQ1: How consistent are users’ crowding percep-
tions and emotional responses (valence, arousal, dominance) when exposed
to varying crowd densities and different avatar representations (particle,
2D, and 3D) multiple times?, my aim was to use the study design, with repeated
images, as an opportunity to understand if there is consistency among participants
with their own ratings (intrarater) and between participants (interrater). From this
research question, several hypotheses emerged.

The null hypothesis (RQ1.HO) states that if users are exposed to varying
crowd densities with different avatar representations (particle, 2D, and
3D), their crowding perceptions and emotional responses (valence, arousal,
and dominance) will remain consistent across multiple exposures. The
results showed that crowding perceptions and emotional responses did not remain
consistent across multiple exposures for different avatar types and densities. For
example, for 2D avatar representations, there were significant differences at density
5 (p < .01, Z = 69) and density 8 (p = .03, Z = 235.5) for crowding perception,
and similar inconsistencies were observed for arousal and valence. Therefore, this
hypothesis was rejected.

Going forward to the next hypothesis, (RQ1.H1) states that if users are ex-
posed to varying crowd densities with particle avatar representations, their
crowding perceptions and emotional responses (valence, arousal, and dom-
inance) will significantly differ across multiple exposures. In the pilot study,
the Wilcoxon signed-rank test results for particle avatar representations showed a
significant difference in dominance at density 3 (p = .04, Z = 42). In the main study,
the Friedman test showed statistically significant differences for particle avatars in
valence at density 5 (p = 0.002), arousal at density 22 (p = 0.006), and crowding
perception at density 98 (p = 0.002). This indicates that participants’ emotional
responses and crowding perceptions varied significantly across these densities when
exposed to particle avatars, both in the pilot and main studies. These consistent
findings across both studies support the hypothesis that user perceptions and emo-
tional responses significantly differ with varying crowd densities and particle avatar
representations.

Moving on to the next hypothesis, (RQ1.H2) states that if users are exposed
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to varying crowd densities with 2D avatar representations, their crowding
perceptions and emotional responses (valence, arousal, and dominance)
will significantly differ across multiple exposures. In the pilot study, the
Wilcoxon signed-rank test results for 2D avatar representations showed significant
differences in several densities: crowding perception at density 5 (p < .01, Z = 69)
and density 8 (p = .03, Z = 235.5), arousal at density 5 (p = .02, Z = 92) and
density 8 (p = .02, Z = 71), dominance at density 22 (p = .03, Z = 196), and valence
at density 3 (p = .008, Z = 76) and density 5 (p = .02, Z = 75). In the main study,
the Friedman test showed statistically significant differences for 2D avatars in valence
at density 8 (p = 0.011) and density 266 (p = 0.025), and crowding perception at
density 60 (p = 0.018). These results indicate that participants’ emotional responses
and crowding perceptions varied significantly across these densities when exposed to
2D avatars, both in the pilot and main studies. These consistent findings across
both studies support the hypothesis that user perceptions and emotional responses
significantly differ with varying crowd densities and 2D avatar representations.

Finally, our last hypothesis for this research question, (RQ1.H3) states that if
users are exposed to varying crowd densities with 3D avatar representa-
tions, their crowding perceptions and emotional responses (valence, arousal,
and dominance) will significantly differ across multiple exposures. In the
pilot study, the Wilcoxon signed-rank test results for 3D avatar representations re-
vealed significant differences in dominance at density 22 (p = .01, Z = 158). In
the main study, the Friedman test showed a statistically significant difference for 3D
avatars in dominance at density 13 (p = 0.006). This indicates that participants’
emotional responses and crowding perceptions varied significantly at these densities
when exposed to 3D avatars, both in the pilot and main studies. It is interesting that
while we found inconsistencies in ratings from 3D avatars in dominance, the most
realistic avatar representation of a humanoid performed the best through different
subjective measurements (crowding and self-assessment manikin). This suggests that
using a more realistic avatar could improve the consistency of user experiences and
perceptions.

The consistency of significant results across both studies demonstrates the replica-
bility of the findings. Both the pilot and main studies reveal that user perceptions and
emotional responses vary significantly with different avatar types and crowd densi-
ties, challenging the initial null hypothesis and underscoring the importance of avatar

representation in virtual environments. These findings suggest that while there were
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generally consistent responses across repeated stimuli, inconsistencies were more pro-
nounced at specific densities and for certain avatar representations, particularly 2D

avatars.

5.1.2 Impact of Avatar Types on Crowd Density Perception

In our second research question, RQ2: Is there a threshold density at which
users’ emotional responses significantly change?, my aim was to explore the
crowding perception literature, which suggests that crowding perception is affected
when a threshold is reached. Density changes to crowding when it reaches a level that
affects the behavior, physiology, or experience of individuals in an environment [54].
The author mentioned that this transition is determined by its consequences on indi-
viduals rather than a specific numerical threshold. My aim with this research question
was to identify a specific numerical threshold in my density measurements. Binary
Segmentation (Binseg) was used to detect change points in crowding perception, va-
lence, arousal, and dominance for different avatar representations and for the ease of
reading, the Table 5.1 was created comparing the studies.

The null hypothesis (RQ2.HO0) states that If avatars are represented in dif-
ferent formats, the thresholds for significant changes in users’ emotional
responses will remain the same regardless of the representation (particle,
2D, or 3D). The pilot study results indicate that while there were some common den-
sities (e.g., 8 and 162) where significant changes were detected, there were also unique
thresholds for different avatars in certain cases. The main study results demonstrate
that while some thresholds for significant changes in users’ emotional responses were
consistent across different avatar representations (notably at density 8), there were
variations in specific thresholds for different attributes and avatar types. Therefore,
the hypothesis that the thresholds for significant changes in users’ emotional responses
will remain the same regardless of the avatar representation is not fully supported.
The findings suggest that while there are common thresholds, unique thresholds also
exist for different avatar types, indicating that the format of avatar representation
does influence the thresholds for changes in users’ emotional responses.

Moving to the next hypothesis, (RQ2.H1) states that If particle representa-
tions of avatars are used, the threshold density for significant changes in
users’ emotional responses will be higher compared to 2D avatar represen-

tations. The findings from both the pilot and main studies provide valuable insights
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into this hypothesis.

In the pilot study, the change points for particle avatars were identified at densities
13 and 162 for crowding perception, 8 and 162 for arousal, 13 and 162 for dominance,
and 8 and 162 for valence. For 2D avatars, the change points were at densities 8 and
162 for crowding perception, arousal, and dominance, and at densities 13 and 162
for valence. This indicates that particle avatars generally had higher thresholds for
crowding perception and dominance compared to 2D avatars, partially supporting
the hypothesis.

In the main study, which included a broader range of densities [3, 5, 8, 13, 22, 36,
60, 98, 162, 266], significant change points for particle avatars were found at densities
8, 13, and 60 for crowding perception; 8, 36, and 98 for valence; 8, 36, and 60 for
arousal; and 8 and 60 for dominance. For 2D avatars, change points were at densities
8, 22, and 60 for crowding perception; 8, 22, and 98 for valence; 8, 60, and 162 for
arousal; and 8 and 98 for dominance.

Comparing the thresholds with 2D avatars, particle avatars demonstrated higher
thresholds for crowding perception (13 vs 8) and dominance (13 vs 8) in the pilot
study. However, for valence, 2D avatars had a higher threshold (13 vs 8). In the
main study, the first threshold was the same for both avatars across all measures (8).
For the second threshold, 2D avatars had a higher threshold for crowding perception
(22 vs 13) and arousal (60 vs 36), while particle avatars had higher thresholds for
valence (36 vs 22). For dominance, 2D avatars had a higher second threshold (98 vs
60).

These results indicate that while particle avatars generally show higher thresh-
olds for certain emotional responses compared to 2D avatars, the consistency is not
absolute across all measures. The hypothesis is partially supported, particularly in
the pilot study, but the main study reveals mixed results, suggesting that the rela-
tionship between avatar representation and emotional response thresholds is complex

and influenced by multiple factors.
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Avatar Type Measure Pilot Study Main Study
Crowding 13, 162 8, 13, 60
Particle Valence 8, 162 8, 36, 98
Arousal 8, 162 8, 36, 60
Dominance 13, 162 8, 60
Crowding 8, 162 8, 22, 60
oD Valence 13, 162 8, 22, 98
Arousal 8, 162 8, 60, 162
Dominance 8, 162 8, 98
Crowding 8, 162 8, 36, 98
aD Valence 8, 162 8, 36, 98
Arousal 8, 162 13, 36, 98
Dominance 8, 162 13, 98

Table 5.1: Change Point Thresholds for Different Avatar Representations in Pilot
and Main Studies

Moving to the next hypothesis, (RQ2.H2) states that If particle representa-
tions of avatars are used, the threshold density for significant changes in
users’ emotional responses will be higher compared to 3D avatar repre-
sentations. The findings from both the pilot and main studies give insights into this
hypothesis.

In the pilot study, the change points for 3D avatars were identified at densities 8
and 162 for crowding perception, arousal, and valence, and at densities 13 and 162
for dominance. Comparing these to particle avatars, the thresholds were generally
similar, with some differences indicating that particle avatars had higher thresholds
for crowding perception (13 vs 8) and dominance (13 vs 8). However, for arousal
Comparing the thresholds with 3D

avatars, particle avatars generally showed higher thresholds for crowding perception

and valence, the thresholds were the same (8).

and dominance in the pilot study. In the main study, 3D avatars had higher thresh-
olds arousal and dominance (8 vs 13). These results indicate that the hypothesis is
partially supported, particularly for crowding perception and dominance in the pilot
study. However, the main study reveals that 3D had the same or higher thresholds
across different emotional measures and the lower variability in 3D avatar responses
suggests they might provide more consistent emotional cues across participants.

In our last hypothesis, (RQ2.H3) states that If 2D avatars are used, the
threshold density for significant changes in users’ emotional responses will
In the pilot study, the

change points for 2D avatars were identified at densities 8 and 162 for crowding

be higher compared to 3D avatar representations.
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perception, arousal, and dominance, and at densities 13 and 162 for valence. For
3D avatars, the change points were at densities 8 and 162 for crowding perception,
arousal, dominance, and valence. In the main study, significant change points for 2D
avatars were found at densities 8, 22, and 60 for crowding perception, 8, 22, and 98
for valence, 8, 60, and 162 for arousal, and 8 and 98 for dominance. For 3D avatars,
change points were at densities 8, 36, and 98 for crowding perception, 8, 36, and 98
for valence, 13, 36, and 98 for arousal, and 13 and 98 for dominance.

Comparing the thresholds with 3D avatars, 2D avatars demonstrated higher thresh-
olds for valence (8 vs. 13) in the pilot study. In the main study, 3D avatars had higher
thresholds arousal and dominance (8 vs 13) and lower when comparing arousal (98
vs 162). These results indicate that the hypothesis is partially supported.

At a high level, it was important to include more densities to reach a more granular
threshold. With three thresholds and ten densities in the main study, it was possible
to identify the middle point for neutral feelings more precisely. Additionally, density
8 emerged as a consistent threshold across all avatar types (particle, 2D, and 3D) for
crowding perception, valence, and arousal. This suggests that at this specific density,
users’ perceptions and emotional responses undergo a notable shift regardless of the
visual format of the avatars. The uniformity of this threshold indicates a fundamental
aspect of how crowd density impacts user experience, highlighting its significance in
the design of virtual environments. This consistency can be leveraged to predict user
discomfort or changes in emotional state, allowing for proactive adjustments in crowd
management and virtual space design.

Another interesting finding was the visualization of change points and inconsis-
tencies in behavior. For example, crowding and valence showed a clearer distribution
of change points, while dominance and arousal were more scattered and challenging
to interpret. Moreover, 3D avatar representations exhibited less variation between
change points for crowding, valence, arousal, and dominance. Understanding these
common thresholds is crucial for designing virtual spaces that aim to maintain user

comfort and positive experiences.

5.1.3 How Avatar Density and Representation Make the Dif-

ference

In our third research question, RQ3: Do different types of avatar representa-

tions (particle, 2D, and 3D) and varying densities of avatars in a virtual
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environment lead to differences in users’ perceptions of crowding and their
emotional responses (valence, arousal, and dominance)?, my aim was to in-
vestigate whether the type of avatar representation and the density of avatars in a
virtual environment significantly impact users’ crowding perceptions and emotional
responses. Previous studies have indicated that crowding perception can be influenced
by various factors, including the type and density of visual stimuli in an environment.
This research question seeks to identify specific differences across different avatar
representations.

The null hypothesis (RQ3.HO) states thatIf different types of avatar rep-
resentations (particle, 2D, and 3D) are placed in an environment, there
will be no significant differences in users’ perceptions of crowding and
their emotional responses (valence, arousal, and dominance). In the pi-
lot study, significant differences were found at various densities, indicating that the
type of avatar representation does influence crowding perception. For instance, at
density 8, the Friedman test revealed a chi-square value of 22.521 (p < 0.001), and
post-hoc Wilcoxon tests showed significant differences between 2D and 3D avatars
(Holm-adjusted p = 0.000596) and between 3D and particle avatars (Holm-adjusted
p = 0.000596). These results suggest that 3D avatars lead to higher crowding percep-
tions compared to 2D and particle avatars, partially rejecting the null hypothesis.

In the main study, significant differences were also observed at densities 8, 98,
and 162. For example, at density 8, the Friedman test rendered a chi-square value of
14.652 (p < 0.001), with significant differences found between 2D and particle avatars
(Holm-adjusted p = 0.00263) and between 3D and particle avatars (Holm-adjusted
p = 0.00263). These findings reinforce the notion that different avatar representations
significantly impact crowding perception.

Moving to the next, the hypothesis (RQ3.H1) posits that If particle repre-
sentations of avatars are placed in an environment, users’ perceptions of
crowding and their emotional responses (valence, arousal, and dominance)
will be less intense compared to when 2D avatars are used. In the pilot study,
significant differences in valence were identified at density 5, where the Friedman test
rendered a chi-square value of 11.522 (p = 0.003), and post-hoc Wilcoxon tests showed
significant differences between 2D and particle avatars (Holm-adjusted p = 0.015256).
The main study revealed significant differences at densities 98 and 162. At density 98,
the Friedman test rendered a chi-square value of 24.675 (p < 0.001), with significant
differences found between 2D and particle avatars (Holm-adjusted p = 0.000157) and
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between 3D and particle avatars (Holm-adjusted p = 0.001372). Comparing these
results, particle avatars generally led to higher valence scores (less negative emotional
responses) compared to 2D avatars, partly supporting the hypothesis.

The hypothesis (RQ3.H2) states that If particle representations of avatars
are placed in an environment, users’ perceptions of crowding and their
emotional responses (valence, arousal, and dominance) will be less intense
compared to when 3D avatars are used. In the pilot study, significant differences
in arousal were found at density 13, where the Friedman test rendered a chi-square
value of 9.324 (p = 0.009), and post-hoc Wilcoxon tests showed significant differences
between 2D and particle avatars (Holm-adjusted p = 0.021385) and between 2D and
3D avatars (Holm-adjusted p = 0.021385). In the main study, significant differences
were found at densities 36 and 60. At density 36, the Friedman test rendered a chi-
square value of 11.751 (p = 0.003), with significant differences found between 3D and
particle avatars (Holm-adjusted p = 0.029438) and between 2D and 3D avatars (Holm-
adjusted p = 0.000671). These results indicate that particle avatars often result in
lower arousal levels compared to 3D avatars, partially supporting the hypothesis.

The hypothesis (RQ3.H3) states that If 2D avatars are placed in an en-
vironment, users’ perceptions of crowding and their emotional responses
(valence, arousal, and dominance) will be less intense compared to when
3D avatars are used. In the pilot study, significant differences in dominance were
identified at density 5, where the Friedman test rendered a chi-square value of 7.224
(p = 0.027), but post-hoc Wilcoxon tests showed no significant differences between
any pairs of avatars after Holm correction. In the main study, significant differences
were found at density 36. The Friedman test rendered a chi-square value of 6.969
(p = 0.031), but post-hoc Wilcoxon tests showed no significant differences between
any pairs of avatars after Holm correction. These results indicate that while there are
some differences, the hypothesis is only partially supported, as 3D avatars did not
consistently lead to more intense dominance responses compared to 2D avatars.

Taken together, our findings indicate different types of avatar representations and
varying densities do lead to significant differences in users’ perceptions of crowding
and their emotional responses. The null hypothesis (RQ3.HO) is largely rejected, as
significant differences were found across multiple densities and measures (crowding
perception, valence, arousal, and dominance).

Particle avatars generally result in less intense emotional responses compared to
2D and 3D avatars, supporting hypotheses RQ3.H1 and RQ3.H2. The support
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for RQ3.H3 is partial, with 2D avatars sometimes leading to less intense responses

compared to 3D avatars.

5.2 Linear Variations with Avatar Density

In our fourth research question, RQ4: Is there a linear relationship between
avatar density and perceived crowding, and how do emotions (valence,
arousal, dominance) vary linearly with avatar density for different types
of avatar representations?, my aim was to investigate whether increasing avatar
density in a virtual environment leads to a linear relationship with perceived crowding
and how emotional responses (valence, arousal, and dominance) vary linearly with
avatar density across different avatar representations (particle, 2D, and 3D).

The null hypothesis (RQ4.HO) states that If avatar density increases, there
will be no linear relationship between avatar density and perceived crowd-
ing, nor will there be a linear variation in emotional responses (valence,
arousal, and dominance) for different types of avatar representations (par-
ticle, 2D, and 3D). In the pilot study, significant linear relationships were found
between avatar density and perceived crowding, as well as emotional responses, in-
dicating that the type of avatar representation does influence these perceptions. For
instance, spatial crowding had a strong negative correlation with valence (r = —0.72),
and a positive correlation with arousal (r = 0.24). These results suggest that increas-
ing avatar density leads to higher perceived crowding and varying emotional responses,
partially rejecting the null hypothesis.

In the main study, significant linear relationships were also observed. For example,
spatial crowding had a strong negative correlation with valence (r = —0.79) and a
positive correlation with arousal (r = 0.45). These findings reinforce the notion
that increasing avatar density significantly impacts perceived crowding and emotional
responses.

Moving to the next hypothesis, (RQ4.H1) posits that If avatar density in-
creases, there will be a linear relationship where perceived crowding in-
creases for particle representations of avatars. In the pilot study, the results
showed a significant positive linear relationship between avatar density and perceived
crowding for particle avatars, supporting the hypothesis. The main study confirmed
these findings, with a strong linear relationship observed between density and crowd-

ing perception for particle avatars.
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The hypothesis (RQ4.H2) states that If avatar density increases, there will
be a linear relationship where perceived crowding increases for 2D repre-
sentations of avatars. Both the pilot and main studies showed significant positive
linear relationships between avatar density and perceived crowding for 2D avatars,
supporting the hypothesis. The linear trend was consistent across different densities,
indicating that users’ perceptions of crowding increased linearly with the density of
2D avatars.

The hypothesis (RQ4.H3) states that If avatar density increases, there will
be a linear relationship where perceived crowding increases for 3D repre-
sentations of avatars. The analysis for 3D avatars demonstrated significant positive
linear relationships between avatar density and perceived crowding in both the pi-
lot and main studies, supporting the hypothesis. The results confirmed that higher
densities of 3D avatars lead to increased perceptions of crowding in a linear manner.

Moving to the emotional responses, the hypothesis (RQ4.H4) posits that If
avatar density increases, the emotional responses (valence, arousal, and
dominance) will vary linearly for particle representations of avatars. In
the pilot study, a significant negative linear relationship was found between avatar
density and valence for particle avatars, indicating that higher densities led to less
positive emotional responses, supporting the hypothesis. Similar results were found
for arousal, with a positive linear relationship observed.

The hypothesis (RQ4.H5) states that If avatar density increases, the emo-
tional responses (valence, arousal, and dominance) will vary linearly for
2D representations of avatars. The main study showed that increasing density
led to a significant linear decrease in valence and a linear increase in arousal for 2D
avatars, supporting the hypothesis. These findings were consistent with the pilot
study results.

The hypothesis (RQ4.H6) posits that If avatar density increases, the emo-
tional responses (valence, arousal, and dominance) will vary linearly for
3D representations of avatars. Both the pilot and main studies confirmed sig-
nificant linear relationships between avatar density and emotional responses (valence
and arousal) for 3D avatars, supporting the hypothesis.

Taken together, our findings indicate that increasing avatar density and different
types of avatar representations lead to significant linear relationships with perceived
crowding and emotional responses. The null hypothesis (RQ4.HO) is largely rejected,

as significant linear relationships were found across multiple densities and measures
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(crowding perception, valence, and arousal).

Particle avatars generally result in less intense emotional responses compared to
2D and 3D avatars, supporting hypotheses RQ4.H4 and RQ4.H5. The support
for RQ4.H6 is also strong, with 3D avatars showing linear variations in emotional
responses with increasing density. Understanding these linear relationships is crucial
for designing virtual environments that aim to maintain user comfort and positive

experiences.
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Chapter 6
Conclusions

In this thesis, I have explored the dynamics of crowding perceptions and emotional
responses within virtual environments, focusing on the impact of avatar density and
representation. This research extends the understanding of how digital spaces in-
fluence user experiences, particularly as our interactions increasingly transition to
virtual platforms.

The investigation began with an exploration of consistency in user perceptions and
emotional responses when exposed to varying crowd densities and different avatar rep-
resentations (RQ1). The results revealed significant inconsistencies in users’ crowding
perceptions and emotional responses across multiple exposures, challenging the null
hypothesis (RQ1.H0). The findings indicated that the type of avatar representation
plays a critical role in influencing these perceptions, with 3D avatars generally lead-
ing to more consistent experiences compared to particle and 2D avatars. This insight
underscores the need for careful consideration of avatar representation in the design
of virtual environments to ensure stable user experiences.

The second research question (RQ2) sought to identify threshold densities at which
users’ emotional responses significantly change. The analysis revealed both common
and unique thresholds across different avatar representations, partially rejecting the
null hypothesis (RQ2.HO0). The consistency of significant thresholds, particularly at
density 8, across various measures highlights a fundamental aspect of how crowd
density impacts user experience. These thresholds are crucial for designing virtual
environments that mitigate negative emotional impacts and enhance user comfort.

Moving to the third research question (RQ3), the study examined whether differ-
ent types of avatar representations and varying densities lead to differences in users’

perceptions of crowding and emotional responses. The results consistently showed
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that different avatar representations significantly impact crowding perceptions and
emotional responses, largely rejecting the null hypothesis (RQ3.HO0). Particle avatars
generally resulted in less intense emotional responses compared to 2D and 3D avatars,
supporting hypotheses RQ3.H1 and RQ3.H2. However, the support for RQ3.H3 was
partial, indicating that while 2D avatars sometimes led to less intense responses, 3D
avatars did not consistently result in more intense emotional responses.

Finally, the fourth research question (RQ4) explored the linear relationship be-
tween avatar density and perceived crowding, and how emotional responses vary lin-
early with avatar density across different avatar representations. The findings revealed
significant linear relationships between avatar density and both perceived crowding
and emotional responses, largely rejecting the null hypothesis (RQ4.HO0). The anal-
ysis confirmed that increasing avatar density leads to higher perceived crowding and
varying emotional responses, with particle avatars generally resulting in less intense
emotional responses compared to 2D and 3D avatars. These linear trends are essential
for predicting user experiences and managing virtual spaces effectively.

In conclusion, this thesis provides insights into the emotional and psychological
dynamics of virtual crowding. By studying various avatar types and densities, the
research offers practical recommendations for designing more user-friendly virtual
environments. The findings emphasize the importance of avatar representation in
influencing user perceptions and emotional states, contributing to the broader under-
standing of crowding in both virtual and physical settings. This research bridges the
gap between traditional architectural practice and virtual environments, ultimately
aiming to enhance user comfort, satisfaction, and well-being in digital spaces. Future
research can build on these insights to further refine virtual environment design and

explore additional factors influencing user experiences in digital contexts.

6.1 Recommendations for future research

Although these studies support the understanding of how avatar density and repre-
sentation affect user perceptions and emotional responses in virtual environments,
their most important contribution may be that they raise a variety of questions for
future study.

Future research could extend the current findings by examining the effect of re-
peated exposure over longer periods to determine if users’ perceptions and emotions

remain constant. Studying the influence of various user demographics (e.g., age, sex,
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cultural background) on consistency might offer deeper insights into personalized vir-
tual environment design. Additionally, investigating how environmental elements like
light and noise affect user response consistency is important.

Further work can refine this concept by examining additional physiological mea-
sures or emotional responses, providing a more complete picture of user experience.
Understanding how users change their behavior in response to varying levels of density
can be achieved by exploring changes in avatar numbers due to abrupt increases or de-
creases. Cross-validation for threshold densities across different virtual environments
such as gaming, e-tourism, and online learning will improve generalizability.

It remains an open question until more work is done on the relationship between
the extent of emotional response and other factors. Future research could seek nonlin-
ear models to capture complex dynamics in user responses to varying avatar densities.
Additionally, incorporating machine learning techniques would help increase predic-
tion accuracy.

These directions aim to contribute to a deeper understanding of crowding percep-

tion within virtual reality settings and its effects on user experience.

6.2 Threats to validity and limitations

In this work, potential threats to validity could occur, which we have worked to
address. For internal validity, repeated exposure to similar stimuli might result in
participants learning how to respond or becoming fatigued, thus altering their re-
sponses and affecting the results. To mitigate this, the images were randomized to
reduce the likelihood of learning effects, although we acknowledge that fatigue may
still occur. Additionally, external events happening outside the experiment during the
study period could influence participants’ responses, introducing bias. We attempted
to control for this by carefully monitoring the timing of the experiment. Changes
in participants’ behavior or responses due to the passage of time, unrelated to the
experimental manipulations, also pose a threat. Furthermore, the combined influence
of different variables, such as avatar density and representation, could complicate the
interpretation of the results, making it difficult to isolate the effect of each variable.
To address this, we employed a well-structured experimental design that carefully
controlled and varied these factors systematically.

Regarding external validity, the sample used in the study may not be represen-

tative of the broader population, limiting the generalizability of the findings. We
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attempted to mitigate this by recruiting a diverse participant pool, although we rec-
ognize the inherent limitations of sample diversity. The study conditions may not
accurately reflect real-world settings where virtual environments are typically expe-
rienced, which could limit the applicability of the findings to everyday situations. In
terms of construct validity, other variables or constructs, such as personality traits
and neurodiversity, may be inadvertently measured alongside the intended constructs,
potentially confounding the results and making it unclear whether the outcomes are
due to the intended manipulations or these extraneous factors. We addressed this by
using validated measures to assess the primary constructs. Despite these efforts, some
degree of construct confounding is unavoidable, and we have noted this limitation in
our interpretation of the results.

In summary, while we have taken extensive measures to counteract potential
threats to validity, some limitations remain inherent in our study design. By ran-
domizing stimuli, monitoring external events, controlling for maturation, and care-
fully structuring our experimental design, we aimed to strengthen internal validity. To
improve external validity, we recruited a diverse sample, though further replication is
needed. For construct validity, we used validated measures, yet acknowledged the lim-
itations of our analysis. These efforts reflect our commitment to conducting rigorous

and reliable research while transparently addressing the challenges encountered.
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