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ABSTRACT

COOKING UP A BETTER AR EXPERIENCE: NOTIFICATION DESIGN AND THE

LIABILITIES OF IMPERFECT CUES IN AUGMENTED REALITY

This dissertation investigates optimizing user experience in Augmented Reality (AR).

A virtual cooking environment (ARtisan Bistro) serves as a testbed to explore factors in-

fluencing user interaction with AR interfaces. The research starts with notification design,

examining strategically placed visual and audio notifications in ARtisan Bistro (Chap-

ter 4). Building on this, Chapter 5 explores optimizing these designs for user aware-

ness and delivering critical information, especially when audio is impractical. This in-

volved exploring visual-only notifications, revealing consistent user performance and at-

tention capture comparable to combined visual-audio notifications (no significant differ-

ence found).

The research demonstrates that well-designed notifications can significantly improve

user experience, but it also raises a crucial question: can users always trust the informa-

tion presented in AR environments? The possibility of imperfect information delivery

underscores the importance of reliable information delivery. Chapter 6 explores the im-

pact of imperfect cues generated by machine learning (ML) on user performance in AR

visual search tasks. This research highlights the potential for automation bias when users

rely heavily on unreliable cues.

By investigating both notification design and the limitations of ML systems for reli-

able information delivery, this dissertation emphasizes the importance of creating a well-

rounded user experience in AR environments. The findings underscore the need for fur-

ther research on optimizing visual notifications, mitigating automation bias, and ensuring

reliable information delivery in AR applications.
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Chapter 1

Introduction

The field of Human-Computer Interaction (HCI) and adjacent fields (human factors

and cognitive psychology) have long researched the concept of interruptions. Human

cognition allows for multitasking capabilities [2], leading individuals to frequently shift

between tasks either voluntarily or due to external influence. Interruptions are a core

part of human-computer interaction as users often engage in multitasking activities, such

as checking email while working on a project. Gould et al. highlighted the continuing

interest in understanding interruptions in multitasking environments and argued that

interruptions can have both positive and negative effects on user attention and task per-

formance [3]. As computers have become ubiquitous in daily life, the research on inter-

ruptions caused by notifications on traditional computer interfaces (e.g., desktop com-

puters, laptops, smartphones) has been at the forefront [4–9]. Capturing user attention

effectively and ensuring clear information delivery are crucial aspects of successful inter-

action within Augmented Reality (AR) environments. This study explored the impact of

notification design on these key factors, evaluating user experience and usability through

a series of experiments.

Previous research (e.g., [9–12]) suggests that task-independent notifications will de-

crease the performance. While notifications can be disruptive, hindering attention and

task performance, well-designed ones can provide timely updates on ongoing processes

and ultimately aid in task management and reduce user anxiety [13]. This duality of no-

tifications becomes even more critical in AR environments. With the rise of Augmented

and Virtual Reality technology, another dimension is added to the notifications, requiring

careful design considerations to balance effectiveness and user experience.

Unlike traditional desktop or mobile interfaces, AR displays information directly within

the user’s field of view (FoV). This limited FoV, especially compared to the human eye,
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presents a challenge for our study in displaying notifications without obstructing the

user’s vision, particularly during movement. While AR devices have come a long way,

one of the main shortcomings of these devices is the FoV. It is smaller (Hololens 2 has

52°FoV) when compared to average Virtual Reality VR (90°-100°) and even smaller when

compared to the human eye (∼135°). Traditional notification frameworks used on desk-

top and mobile devices may not be directly applicable to AR HMDs due to these unique

limitations and user interaction paradigms. There are a few things to keep in mind while

showing information or interrupting users: Where to display information?; How much

occlusion is tolerable in different contexts?; When to display information?; What should

be the interaction method for the user? Given this, the framework utilized by other smart

devices cannot be applied to information display in Mixed Reality (MR).

The evolution of display technology is leading to a future where screens are becoming

increasingly integrated into our daily lives. From desktops to laptops, handheld devices,

and now AR HMDs, screens are moving closer to our faces, offering high-resolution and

immersive experiences. AR allows the virtual and real worlds to be co-located [14–16].

It’s important to comprehend how these omnipresent AR devices will be used in daily

life. Understanding the user’s context is important in order to present accurate and per-

tinent information and control how pervasive gadgets behave [17]. On smartphones, in-

formation can be retrieved and interacted with in a variety of ways using touch interfaces

and speech/audio responses. But there are times when these kinds of interactions are

inadequate [18]. When a user’s hands are occupied, or they are unable to focus on any-

thing other than their primary task, using a smartphone to gather information becomes

impossible.

AR is less immersive compared to VR and necessitates more thought when deciding

where and how to display virtual content. New information suddenly appearing in front

of someone and obscuring their FoV can cause inconvenience and be highly distracting in

an attention-sensitive situation [19,20]. Understanding the user’s context is crucial for de-
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livering relevant information and interacting with the pervasive devices [17]. Effective in-

formation delivery within AR environments presents significant challenges, particularly

regarding notification design (Chapters 4 and 5) and visual search support (Chapter 6).

Notifications must balance being informative and attention-grabbing without causing un-

due distraction or cognitive overload. Visual search tasks in complex environments re-

quire efficient methods to guide users to targets, and AR HMDs with visual cues present

a promising solution. However, both notification design and visual search effectiveness

are highly dependent on user experience and can be negatively impacted by factors like

poorly designed notifications or unreliable visual cues.

This dissertation investigates these challenges and explores how to optimize user

experience with information delivery and visual search tasks within AR environments.

Chapters 4 and 5 focus on notification design, exploring the effectiveness of visual and

audio modalities for notifications within the context of AR. These chapters examine how

strategically placed visual and audio notifications can enhance user experience in AR by

considering the limitations of FoV and the potential for user distraction.

While understanding how to design effective notifications and visual cues is crucial

for a seamless AR experience, it’s equally important to ensure the reliability of those

cues themselves. Even with the best design, imperfect cues can significantly harm user

experience and performance. Imagine searching for a critical medical tool in an AR-

assisted surgery only to be directed to the wrong location due to an inaccurate visual

cue. This wastes valuable time and can lead to frustration and potentially compromised

safety. Therefore, exploring the impact of imperfect cues becomes paramount after in-

vestigating notification design. Chapter 6 delves into visual search tasks within AR. In

complex visual environments, searching for specific targets can be effortful and time-

consuming [21–23]. AR HMDs with visual cues can support visual search by guiding

users to objects of interest. However, the effectiveness of these cues depends on their

accuracy. This chapter explores how errors in visual cues generated by machine learn-

3



ing (ML) systems can impact user performance and potentially lead to automation bias,

where users over-rely on cues even when they are incorrect [24].

Building on the established knowledge about interruption management in HCI (ex-

plored in more detail in Chapter 2), this dissertation investigates how notification design

(Chapters 4 and 5) and visual search support (Chapter 6) can be optimized for AR envi-

ronments. A controlled AR environment called ARtisan Bistro (described in Chapter 3)

serves as the foundation for user studies for the studies described in Chapters 4 and 5.

This environment allowed me to isolate variables and assess the impact of different de-

sign choices on user experience in a simulated but realistic setting. The findings from

these studies provide valuable insights for designing AR interfaces that are both informa-

tive and user-friendly, ultimately fostering more efficient and effective interaction with

information within AR applications.

This dissertation is a compilation of several works completed during my studies on

notifications and visual cues. Chapter 4, currently under review at a top-tier peer-reviewed

venue, has been slightly modified from its original form to add more details. Chapter 6 is

presented as it was published in a top-tier peer-reviewed venue. These works are intro-

duced with explanations of their relevance and necessity in the context of this research.

Including these publications provides important insights into the key decisions made

throughout this research journey.

1.1 Contributions

This work advances the understanding of HCI and AR through

1. Improved Notification Design (Chapters 4 and 5): By analyzing user performance

and preferences, I identified optimal design strategies for the placement and modal-

ity of notifications in AR HMDs. Our findings provide clear guidelines for develop-

ers.
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2. Mitigating Disruption and Enhancing User Experience (Chapters 4 and 5): The re-

search demonstrates how AR notifications can be designed to minimize disruption

and even assist users in completing tasks. This knowledge will inform the develop-

ment of user-centered AR applications.

3. Understanding User Behavior in AR (Chapters 4 and 5): The study provides valu-

able insights into users’ preferences with different notifications within an AR en-

vironment. This knowledge can be used to develop future AR notification design

principles.

4. Impact of Imperfect Cues in AR Visual Search (Chapter 6): This research investi-

gates a critical factor in AR visual search tasks: the impact of errors in visual cues

generated by ML systems. The study explores how these errors can affect user per-

formance and potentially lead to automation bias. These findings can inform the

design of reliable AR guidance systems and user training strategies to mitigate over-

reliance on cues, ultimately fostering safer and more effective interaction with AR

visual search tools.

5. Quantifying Automation Bias in AR Visual Search with Machine Learning (Chap-

ter 6): The study demonstrates a high level of automation bias when users rely on

visual cues generated by an ML system during a visual search task. Furthermore,

the research reveals that the magnitude of automation bias was even greater us-

ing the ML system compared to a WoZ study, likely due to the higher perceived

reliability of the imperfect visual cue generated by the ML system due to better per-

formance.

This research has paved the way for a future where AR notifications and visual cues

are seamlessly integrated into user workflows, enhancing productivity and user satisfac-

tion within the rapidly evolving world of Augmented Reality.
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Chapter 2

Related Work

This chapter delves into the existing body of research relevant to the experiments

specifically dealing with “Notifications” detailed in Chapters 4 and 5. Well-designed in-

terfaces are crucial for a user to interact effectively within an AR environment. These

interfaces need to deliver information clearly, minimize disruption to the user’s primary

task, and cater to user preferences. By exploring related research, I gained valuable in-

sights into existing design strategies and identified potential areas for improvement.

In the future, AR-Head Mounted Displays (AR-HMDs) are expected to be used often,

just like smartphones, due to the increase in the use of AR technology in a variety of

fields. One of the crucial features of a typical digital device in daily use is the notification

mechanism [25]. However, AR-HMDs are a novel computing environment that is distinct

from conventional smart gadgets. As a result, it’s critical to comprehend how to use the

new technique to register AR notifications on HMDs in practical situations [26].

2.1 Notifications

A typical illustration of a multimodal notification is the visual pop-up window that

shows some basic information when an email is received on a smartphone. In the event

that the device’s owner is not nearby or is not focusing on it, there is an additional audible

cue. Furthermore, a vibration sequence is included to notify the owner when the gadget is

in their pocket or in noisy environments. But there are other sorts of notifications as well;

this is just the most popular and well-known. Notifications vary according to the user’s

needs and the context. Research is continuing to determine the best time to interrupt users

without involving humans. Most of the time it comes down to the user to select their

preference of being interrupted. Kern et al. suggested 5 factors for user interruptibility:
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location, the importance of the event, the activity of the user, social situation, and social

activity [27].

There are 2 main types of notifications [28]:

• Action-required notifications: User is required to take some immediate action based

on the information provided by the notification. e.g., Windows asking for adminis-

trative authentication.

• Passive notifications: User is presented with some information that does not require

the user to take any action. e.g., calendar notification.

User-generated notifications focus on content created by other users, such as Gmail mes-

sages. In contrast, context-generated notifications are triggered by programs based on user

preferences, like Google Alert. System-generated notifications originate from the system

itself and can range from essential updates to spam or re-engagement notifications, de-

pending on the app or device. Finally, push notifications are clickable pop-up alerts de-

signed to inform users about new features, performance improvements, or suggestions.

In the following subsections, we’ll go through two main mediums of notifications.

2.1.1 Visual Cues

Visual cues, as the name suggests, are the information provided to the user via the

means of vision. These can include something as simple as an error LED light to as com-

plex as AR notifications with interaction capabilities. Wallmyr et al. conducted a study

that tested transparent interfaces based on mixed reality to facilitate the display of key

information to the operators at a construction site [29]. After comparing mixed reality

(head-up display and projected display) and head-down display, they found that users

were more reactive to head-up display and experienced lower workloads. The position of

the visual cues is also important. In [30], Harrison et al. presented the observations from

their study by placing small lights on different body parts serving as visual cues. They

observed that performance order, from high to low, is wrist, arm, brooch, shoulder, thigh,
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waist, and shoe. The reaction time performance highly depends on physical distance and

visual accessibility, but also outside factors, like occlusion by furniture.

Visual notifications convey information through sight. Traditionally, they appear on

flat screens like phones or monitors. These notifications can be simple pings with minimal

animations, similar to clicking a bell icon that reveals more information. More elaborate

examples include phone notifications that provide detailed messages. Phone notifications

often display the app name and relevant details about the event that triggered the notifi-

cation. These notifications can originate from apps informing users about status changes

(e.g., low battery, game update) or messages from other users [31, 32].

Visual notifications are not limited to personalized devices like smart TVs. Since the

display can be shared by multiple people at the same time the notification mechanisms

of other smart devices cannot be transferred to smart TVs. Three focus groups provided

their impressions about notifications on TVs in a study conducted by Weber et al. [33].

They got responses about the duration of notifications, the amount of information dis-

played, the position of the notifications, and the number of notifications. Based on this,

they created an application and conducted a study to create the following guidelines:

• Notifications that are truly important should be displayed.

• Privacy is important when multiple people are using the TV.

• Notifications should be displayed when there is a break.

2.1.2 Audio Cues

Audio cues offer an alternative to visual cues in situations where visual displays might

be distracting or even harmful. This includes scenarios like driving, working on heavy

machinery, etc. In [34], Lee et al. studied a collision detection system with audio and

haptic cues to mitigate driver distraction. They observed that graded warnings (gradu-

ally increasing levels) were preferred by users and were the better-performing warning

strategy than the single-stage warning strategy. They also observed that graded warnings
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weren’t irritating and were more trustworthy for the users. In the case of haptic vs. audio,

although users’ performance was the same, their preference was haptic in trust, overall

benefit to driving, and annoyance.

Another way audio notifications can be used is as a substitute for visual cues when the

user is visually disabled. Crommentuijn et al. conducted a study to test different ways of

providing audio or haptic cues when there is an obstacle in the way [35]. These findings

suggest that carefully designed audio cues can significantly aid visually impaired users

in navigating their surroundings.

2.1.3 Notifications in Mixed Reality

Many technologies combine in mixed reality devices to blur the line between the vir-

tual and real worlds. This covers everything from fully immersive headsets to smart-

phones with augmented reality capabilities. In this section, we will talk about HMDs

when referring to MR devices. The MR devices’ primary input is through the eyes. As we

move from AR to VR, the amount of immersion increases. While displaying notifications

or interrupting users, there are certain considerations to keep in mind:

• Where to display information?

• How much occlusion is tolerable in different contexts?

• When to display information?

• What should be the behavior of the currently running application?

• What should be the interaction method for the user?

VR environments completely immerse users in a virtual world. Considering this, noti-

fications in VR cannot adopt the framework used by other smart devices as this can break

the immersion. There have been studies that propose different ways of showing notifica-

tions in VR. Zenner et al. proposed a framework where instead of stopping the applica-

tion, the message is incorporated in the scenario [36]. If it’s a medieval setting, a villager

comes to the user and hands them a letter containing the information, or if it’s a futuristic
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setting, a drone flies to the user to display a notification. They proposed the method of

presenting notifications depends not only on the context of the virtual environment but

also on the urgency of the notification. Although this avoids breaking the immersion, it

also presents additional work for the developers. The developers must integrate ways to

provide notifications, and further research is needed to explore user preferences, optimal

notification design principles, and effective standardization methods. Unless VR starts

being pervasive technology this will be extremely difficult to implement.

Ghosh et al.’s NotifiVR extends the notifications to cues (visual, auditory, or haptic) to

bring the attention of the immersed user to events outside of the virtual environment [37].

In the case of audio cues, Ghosh et al.’s suggestions were to consider Spatial Sound (sound

played should be at the position of notification in 3D space), Skeumorphism (metaphor-

ical design like someone entering space as door opening sound), and Gradual Intensifi-

cation (Gradual increase of sounds to signify increasing urgency). They proposed three

haptic cues: Gradual Intensification (a gradual increase in vibration to indicate increas-

ing urgency), Directionality (a vibration in the direction of notification), and Skeumorphism

(metaphorical vibrations, such as feet vibrating to signify footsteps). Lastly, recommen-

dations for visual cues included 3D Representation (notices should be shown in 3D space

rather than always being attached to the viewport), Skeumorphism (metaphorical repre-

sentations, such as a clock face for an alarm), 3D Pop-ups (notification blocks placed in 3D

space, on a wall or other surface), and Flash and Pause (in dangerous situations, halting the

immersion and allowing the user to reorient with the real-world space after stopping).

In the case of AR, there have only been a select number of studies regarding display-

ing notifications. Although AR has been researched in academic and industrial settings

for specific use cases, there has been a movement by companies like Facebook [38], Ap-

ple [39] and Xiaomi [40] to bring AR to the general public. Lucero et al. conducted a

study where participants were asked to walk down a busy road while keeping track of

the notifications that popped up in their view frame called NotifEye [41]. They were pro-
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vided a rubbing pad for simple interactions like opening and closing notifications. The

participants reported that a combination of minimalistic information and rub pad created

a non-distracting system for receiving notifications on the display. The main concern for

the participants was social acceptability (size, comfort, fashion). All the current AR tech-

nologies that provide spatial tracking and interaction are bulky and make the user look

like an alien or a bug.

2.2 Positioning Information

After learning about cues/notifications now we must check where to put these small

bits of information in 3D space. As technology progresses towards all-day wearable dis-

plays, the need to study proper positioning becomes more prevalent. Rzayev et al. stud-

ied the effect of the position of text on a user’s reading speed and comprehension while

sitting or walking. [42] They compared 3 positions on the AR HMD: top right, center, and

bottom center, and observed that the top right position increases workload and reduces

comprehension. They also noticed that there is a decrease in reading speed when the par-

ticipant is walking as opposed to sitting. The study did not test how the participants’ state

(busy with another task) while sitting affects the results. Similarly, Ku et al. conducted

a study to check what is the preferred format of text while displaying it in peripheral vi-

sion [43]. They [43] found that title case capitalization and sans-serif font increased the

efficiency. They also tested 2 retinal eccentricities and reported a preference of 5°over 8°.

In the case of the display itself, Jaschinski et al. performed a study with 38 participants,

where the participants tried different positions of the screen (near vs distant, high vs

low) [44]. Participants used the system for a full working day and experienced all the

advantages and discomforts of different positions. The authors observed that when the

participants were allowed to freely select their display position, they adjusted the display,

thus signifying that the screen at about 66cm induced more strain than screens at about

98 cm. This study was conducted in or before 1999, and the display screen has improved
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drastically since then, so results may not hold true to this extreme amount now. The size

of the display is also an important factor to consider when looking at user preference. As

observed by Polys et al., a bigger display field is preferred [45]. In the future, the current

limitation of small FoV in AR HMDs will improve, but at the moment, there are 2 ways

to go around this limitation. Using devices like Varjo XR-3 [46], which use video pass-

through technology to sacrifice lightweight devices for FoV of 115°. The second way is to

simulate an AR environment by recreating the room in VR. This is called Mixed Reality

Simulation. [47–49]

Imamov et al. created a Mixed Reality Simulation of a living room with all the basic

furniture and decorations like a couch, lamp, paintings, etc. [50] The experiment aimed to

determine the optimal position for world-stabilized glanceable content. It was discovered

that top-left display positions were the slowest, whereas center and central-low display

positions had the fastest interaction times and were the preferred positions. Regarding

distance from the user, a two-meter position was chosen over a three-meter. It’s interest-

ing to note that participants claimed that looking down at the interface felt more comfort-

able and natural, which may have something to do with the headset’s weight distribution

and habits from using phones. It’s crucial to remember that this study only looked at ba-

sic tasks; further research is needed to see how placement affects more difficult tasks that

demand greater mental effort. Furthermore, there is a gap in our understanding of user

behavior, such as possible head reorientation to view the interface, because eye gaze data

was not recorded.

According to Plabst et al., notifications on AR HMDs work best when positioned in

the real world or at the bottom center of the FoV, particularly when performing sustained

concentration tasks [51]. Plabst et al. noted that users also favored these positions. Simi-

larly, during an AR walking exercise, Lee et al. found that bottom FoV placement led to

higher noticeability and comprehension for both icon- and text-type messages compared

to top placement [52]. Lazaro et al. suggested employing both audio and visual cues for
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augmented reality notifications and proposed more investigation into the optimal loca-

tion of notifications [53].
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Chapter 3

ARtisan Bistro 1

Figure 3.1: (a) Complete Setup of ARtisan Bistro; (b) Perfectly Cooked Pizza Taken out of the
Oven; (c) Making Burger, Picking up Bottom Bun by Hand

This chapter explores the design and features of an AR cooking environment. It show-

cases and adds further details to a previous publication. Aditya Raikwar, Lucas Plabst,

and Francisco R. Ortega introduced “ARtisan Bistro: A Cooking Task Environment to

Conduct Studies in Augmented Reality” in the proceedings of the 2022 IEEE International

Symposium on Mixed and Augmented Reality Adjunct (ISMAR-Adjunct) [54].

3.1 Introduction

ARtisan Bistro is an AR environment that resembles a fast food restaurant where users

may prepare burgers, pizza, and coffee upon customers’ requests. It was created using

the Unity engine v2022.1.10f1 and the Mixed Reality Toolkit (MRTK). The researchers can

1The content of this Chapter is identical to that presented in: A. Raikwar, L. Plabst and F. R. Ortega, “AR-
tisan Bistro: A Cooking Task Environment to Conduct Studies in Augmented Reality,” 2022 IEEE Inter-
national Symposium on Mixed and Augmented Reality Adjunct (ISMAR-Adjunct), Singapore, Singapore,
2022, pp. 909-910, doi: 10.1109/ISMAR-Adjunct57072.2022.00200.
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use this environment to evaluate different user interfaces in a general setting. More time

can be dedicated to research if researchers are not required to build and execute a testing

environment, in turn saving time and resources. Currently, many experiments employ

specialized environments for highly specific use cases. This environment can be utilized

by researchers who do not need a specific goal but rather a context in which they can test

their interfaces.

With flexibility in mind, ARtisan Bistro was created as a sandbox setting for AR re-

search. Most people can relate to cooking, therefore it requires little to no explanation

and thus makes it simple for the participants to perform the appropriate tasks. There

is no need to learn new interaction techniques because every object in the environment

can be interacted with almost as if it were a real physical object. Additionally, the virtual

environment mitigates potential risks of injury during the experiment. While cooking

is a straightforward and accessible task, it may also serve as a metaphor for more com-

plex work, particularly in high-pressure environments. For example, a busy restaurant

kitchen’s fast-paced and demanding nature parallels the stress and time constraints ex-

perienced in an operating room during surgery. However, simulating a complex medi-

cal procedure can be challenging for participants unfamiliar with the medical field. The

stressful circumstances of a surgery room can be translated into a more familiar and re-

latable atmosphere for experiment participants using the culinary task.

3.2 Features

3.2.1 Components and Interactions

ARtisan Bistro consisted of three primary cooking tasks: a Burger Station, a Pizza

Station, and a Coffee Station. Each station simulated an essential food preparation task,

allowing users to interact with virtual ingredients and tools.

Burger Station: The ARtisan Bistro environment includes a dedicated burger station

for user interaction. This station consists of two key components:
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(1) Ingredients: The virtual burger assembly task provides users with eight selectable

components: bottom bun, top bun, burger patty, tomato, lettuce leaf, bacon, cheese, and

onion. Each component can be spawned in unlimited quantities. Notably, the bottom

and top buns are designated as essential elements for burger completion. Users can ma-

nipulate these virtual ingredients using intuitive techniques, similar to interacting with

physical objects. Ingredient stacking functionality allows users to build their burgers by

placing items on top of the bottom bun. These stacked components can be lifted and

moved as a unit while maintaining relative positions. The top bun serves as the final

placement layer, signifying burger completion and preventing further additions on top.

(2) Grill: A virtual grill is present for cooking burger patties. Users can place multiple

patties on the grill simultaneously for parallel cooking. Each patty undergoes a visually

represented cooking process with five distinct stages, ranging from uncooked to burnt,

depicted through changes in surface texture. The system allows for adjustable cooking

speed, enabling researchers to control the cooking duration for experimental purposes.

Pizza Station: The ARtisan Bistro environment includes a dedicated pizza station for

user interaction. This station consists of two key components:

(1) Ingredients: Users can choose from five main ingredients for their virtual pizza:

pepperoni, mushrooms, bell peppers, olives, and basil leaves. Each ingredient has an un-

limited spawning capacity, allowing for customization. The necessary pizza base comes

pre-topped with sauce and cheese. Users can place the additional ingredients on top of

the base, with a snapping mechanism ensuring clear visual distinction of each element.

(2) Oven: Once users are satisfied with their pizza creation, they can place it in the

virtual oven. Each pizza undergoes a visually represented cooking process with five dis-

tinct stages, ranging from uncooked to burnt. Similar to the grill, the system allows for

adjustable cooking speed, enabling researchers to control the cooking duration for exper-

imentation.
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Coffee Station: The ARtisan Bistro environment offers a virtual coffee station for user

interaction. This station features:

(1) Coffee Machine and Cup: Users can interact with a virtual coffee machine and cup

to brew coffee. The virtual cup visually depicts a rising liquid level as the brewing process

progresses. A lid appears on top when the cup is full to indicate completion.

(2) Coffee Pot and Level Indicator: A gauge on the side of the coffee machine displays

the remaining coffee in the pot. This gauge utilizes a three-tier system (levels 1, 2, and 3)

where each level corresponds to the number of cups that can be filled with the remain-

ing coffee. Users initiate brewing by pressing a virtual button at the base of the coffee

machine. The process pauses automatically when the pot is removed and resumes when

replaced. Similar to other cooking elements, the system allows for adjustable brewing

speed in the code, enabling researchers to control the duration for experimental purposes.

Following are the references to the assets used to create the virtual environment for

the experiments:

1. Fast food [55]: This set includes 3D models of pizzas and burgers with all their

ingredients.

2. Pizza Oven [56]: A 3D model of a pizza oven.

3. Coffee Maker [57]: A 3D model of a coffee maker. Some model changes were made

in Blender 3D modeling software [58] to allow dynamic coffee levels.

4. Coffee Cup [59]: A 3D model of a Starbucks coffee cup. Some model changes had

to be made in Blender 3D modeling software [58] to allow dynamic coffee levels.

5. Customer Tray [60]: A simple 3D model of a tray for carrying food items.

6. Customers [Citation not available anymore]: Rigged character models representing

the virtual customers within the restaurant environment.
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3.2.2 Additional Features

Customers: There are 12 meshes available for buyers (6 female and 6 male). There are

two animations associated with each consumer. Three clients at once are the most that

can be accommodated. When the client is spawned, the animation and mesh are selected

at random. The number of customers, duration/level of their patience, and the length of

time between new customers are easily modifiable.

Feedback Mechanisms: The ARtisan Bistro environment incorporated visual and au-

ditory cues to guide user actions and provide feedback. For instance, sizzling sounds

indicate real-time feedback at the start of the grilling process of the burger patties, and a

textual prompt, “Wrong Item,” appears when the user serves food that does not match

the customer’s request, offering immediate visual feedback. This multimodal approach

enhances user experience by creating a more intuitive and informative virtual environ-

ment.

3.3 Customization and Control

ARtisan Bistro was designed with customization in mind. Various aspects can be ma-

nipulated through code. To facilitate this, the system incorporates a range of configurable

parameters, which are categorized into three primary types:

Time-Based Variables: These variables allow researchers to manipulate the duration

of specific tasks. This includes adjusting the cooking time for burger patties and pizzas,

the rate at which coffee fills the cup and pot, the wait time for customer orders, and the

interval between new customer arrivals. This level of control enables researchers to tailor

the pace of the experiment to their specific needs.

Quantity-Based Variables: These variables govern the number of ingredients included

in customer orders for both pizzas and burgers. While the base ingredients remain con-

sistent, the quantity of additional toppings can be adjusted. This allows researchers to

explore how varying ingredient complexity impacts user performance.
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Appearance-Based Variables: As previously mentioned, the system utilizes a set of

twelve available meshes. These variables enable researchers to introduce a selection of

additional meshes into the environment beyond the base set. This functionality can be

used to investigate potential biases in user behavior, such as implicit biases towards cer-

tain customer types based on visual cues associated with the additional meshes.

By providing these configurable parameters, ARtisan Bistro allows researchers to con-

duct controlled experiments within a customizable virtual restaurant environment, al-

lowing them to explore various factors that might influence user behavior. This level of

control allowed me to create various scenarios and test the effectiveness of notifications

in different contexts.

3.4 Limitations

While ARtisan Bistro offered a valuable controlled environment for our research, it is

essential to acknowledge some limitations:

Transfer of Skills: While the environment was designed to metaphorically represent

high-pressure kitchens and similar task-oriented fields, the skills learned within ARtisan

Bistro (e.g., ingredient selection, virtual cooking) do not directly translate to real-world

culinary expertise.

Field of View: The Microsoft HoloLens 2, has a smaller field of view (FOV) compared

to the human eye. This limitation restricts the amount of visual information that can be

displayed or tracked within the user’s view. This may influence the users to interact with

virtual objects differently compared to real life.

Hand Tracking: The HoloLens 2 employs inside-out hand-tracking technology. This

means that user hand movements are only tracked when the user is actively looking at

their hands. This could have potentially impacted the natural flow of tasks and poten-

tially user frustration, particularly when trying to interacte with ingredients or tools out-

side the direct line of sight.
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Despite these limitations, ARtisan Bistro provided a strong foundation for investi-

gating user interaction with notifications in an AR context. The controlled environment

allowed us to isolate variables and manipulate notification delivery to observe user be-

havior and gauge the effectiveness of different notification designs.
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Chapter 4

Ping! Your Food is Ready: Comparing Different

World-Fixed Notification Techniques in 3D AR

Cooking Environment

This chapter explores the design and integration of notifications in an AR cooking

environment. Effective notifications serve as essential communication channels, alerting

users to important updates, task instructions, or changes in their virtual environment.

This chapter investigates how the design of these notifications can be optimized to en-

sure users are aware of critical information while minimizing disruption to the cooking

workflow.

The research presented in Chapter 4 has been accepted for publication in the presti-

gious IEEE International Symposium on Mixed and Augmented Reality (ISMAR) 2024

(Reference to arxiv [61]). I have chosen to include the full details of this study within the

dissertation to provide a comprehensive understanding of the factors influencing user

experience in AR environments. By focusing on notification design in Chapter 4, we es-

tablish a foundation for understanding how notification modality, placement, and user

preferences can influence user performance and overall satisfaction within AR applica-

tions.

4.1 Introduction

Intuitive and informative notifications are crucial for seamless interaction with Aug-

mented Reality (AR) interfaces. Unlike traditional interfaces with dedicated screen space,

AR displays information directly within the user’s FoV. This unique environment presents

challenges in designing notifications that effectively guide users without disrupting their
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Figure 4.1: Left: Notifications on Dock; Right: Notification on Object

primary tasks. This chapter explores how visual and audio notifications, strategically

placed within the AR environment, can enhance user experience. Taking advantage of

the additional dimension the AR environment provides, the notifications are designed

to be displayed in the 3D space and attached to the environment (fixed to locations and

objects) rather than the user. This approach is known as world-fixed notifications [62].

I designed two types of world-fixed visual notifications in this study: “Notifications

on Dock” and “Notifications on Object” (illustrated in Figure 4.1). I further explored

the effectiveness of accompanying these visual notifications with localized audio notifi-

cations. A spatially-positioned bubble-popping sound effect drew attention to the visual

notification’s location in 3D space.

The ARtisan Bistro environment [54] served as the foundation for this user study. The

parameters, such as customer arrival frequency and cooking speed, were intentionally

manipulated within ARtisan Bistro to create a simulated high-pressure environment that

demanded focused attention from the participants. Notifications were then introduced at

specific moments to assist participants in keeping track of working on multiple stations

simultaneously.

The findings demonstrate that strategically placing notifications directly on relevant

objects within the AR environment can significantly improve task performance and user

preference. Additionally, the study highlights the crucial role of audio notifications in
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capturing user attention. The introduction of audio notifications increased the noticeabil-

ity of visual notifications, ultimately leading to improved performance and higher user

satisfaction. These results underscore the importance of combining well-designed visual

and audio notifications to optimize user experience in AR applications.

4.2 ARtisan Bistro

ARtisan Bistro is an AR environment designed to simulate a fast food restaurant where

users can prepare items like burgers, pizza, and coffee based on customer requests [54].

Developed using Unity engine v2022.1.10f1 and the Mixed Reality Toolkit (MRTK), the

application serves as a tool for researchers to evaluate user interfaces [63]. The applica-

tion was designed for researchers to evaluate user interfaces in general. We deliberately

chose this open-source solution since it provides a standardized testbed for comparison

of future results and replicates a familiar cooking scenario that is relatable to a wide au-

dience. 3.1 shows different stills from the ARtisan Bistro environment.

We also kept the entire environment in (AR) for two reasons: (1) to enable accurate

and meaningful comparisons with future experiments that will use real objects, thereby

assessing the impact of real objects on participant behavior and outcomes; and (2) to

enhance the study’s external validity through random visual clutter.

4.2.1 Environment Settings

It is possible to change and set the environment in ARtisan Bistro. In this paper, we

selected settings that simulate a high-stress environment, necessitating notifications to as-

sist in task completion and promote multitasking across multiple food items concurrently.

Burger Station: Participants were instructed to cook patties and assemble burgers

with six layers: bottom bun, top bun, patty, and three random ingredients. The patty

must be placed directly above the bottom bun, but the order of the other ingredients is
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flexible. The different cooking statuses for the patty were Uncooked, Cooked, and Burnt,

with each status taking ten seconds to achieve.

Pizza Station: Participants were instructed to assemble and cook pizzas that consisted

of a base and three random ingredients, with the order of ingredients being non-essential.

Unlike checking the cooking status of a patty, which is straightforward, determining the

status of a pizza requires participants to stand in front of the oven and look through a

small window. The cooking status of the pizza could be Uncooked, Cooked, or Burnt,

with each stage taking ten seconds to achieve.

Coffee Station: The coffee maker was mostly set to default settings, except partici-

pants did not need to press the start button. At the beginning of the level, the coffee pot’s

level resets to zero, and the coffee maker starts filling it automatically. The time to fill a

cup was set to ten seconds of continuous pour.

Customers: Among the twelve meshes available for customers, three females and

three males were selected at random. Except for the tutorial level, all levels consisted of 6

customers who waited for their requested food for only two minutes. The time remaining

was displayed right in front of the respective customer.

The environment was engineered to subject participants to stringent time constraints

while incorporating slight physical demand elements. This can be confirmed using the

overall Raw NASA-TLX scores [64]. The average overall workload experienced by par-

ticipants was 60.64 (SD = 10.84). This is above average global workload score reported

in [65]. The average raw scores are listed in 4.1.

4.3 Notification Design

This section dives into the design of the notification system implemented in our study.

I explored two modalities for notifications: visual and audio. Depending on the desig-

nated condition, participants were exposed to notifications that were either visual, audio,

both visual and audio, or none at all.
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Table 4.1: Raw NASA-TLX scores

Dimensions Mean STD

Mental Demand 67.31 19.52
Physical Demand 51.92 23.86
Temporal Demand 75 19.86
Performance 65.38 20.8
Effort 71.56 15.86
Frustration 32.69 17.22

4.3.1 Visual Notifications

Figure 4.2: Notification when a new customer arrives.

AR-HMDs provide a unique platform for notification delivery compared to traditional

interfaces. Unlike fixed-screen displays, AR-HMDs offer a dynamic canvas that can lever-

age the 3D environment for notification presentation. Zenner et al. proposed integrating

notifications into the scenario itself to maintain immersion [36]. However, this approach

might limit notification types and rely heavily on manual prompts to send messages. Ad-

ditionally, subjectivity in message priority can create a burden on the sender to assign

appropriate levels, leading to user frustration if notifications are not deemed important

by the receiver.

To address these limitations, I designed two types of visual notifications suitable for

handling a broader range of notification scenarios.
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Visual Notification Design and Properties

Figure 4.3: Notification Button.

The implemented visual notifications, illustrated in Figure 4.3, displayed information

in a clear “Station Message” format. The “Station” field indicated the source station’s

name, while the “Message” field conveyed relevant information specific to that station.

These cuboid-shaped notifications featured navy blue backgrounds with white text, as

per the design recommendations for buttons outlined by Hololens 2 developers. To en-

sure users had adequate time to process the notifications, they remained visible for seven

seconds before automatically disappearing. This duration, determined during the experi-

ment phase, proved sufficient for users to pause their primary tasks, read the notification

content, and grasp its message. Any notifications that remained unseen after this time

frame were considered disregarded by the user.

The interval between notifications was dynamic and influenced by user actions and

the virtual environment. For example, a customer might wait for 120 seconds (2 minutes)

after placing their order, with a new customer arriving 5 seconds after the previous cus-

tomer departs. In this scenario, the notification interval between these customers would

be 120 seconds + 5 seconds = 125 seconds. However, if the participant served the first cus-
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tomer within 65 seconds, the notification interval for the next customer would be reduced.

In this case, the interval would be calculated as 65 seconds + 5 seconds = 70 seconds.

Four notification messages were implemented to inform participants about various

status changes in the AR environment:

1. New Customer: When a new customer arrives and requests food.

2. Cooked: When either the burger patty on the grill or the pizza in the oven reaches

the desired cooking state based on customer preference.

3. Burnt: When either the burger patty on the grill or the pizza in the oven becomes

overcooked and exceeds the customer’s desired cooking state.

4. Coffee cup added: When the coffee level in the coffee maker reaches a threshold

sufficient to fill a complete cup.

Notification on Object (NoO): Context-Aware Notifications

Figure 4.4: Notification on Object
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Inspired by Zenner et al.’s concept of immersive notifications [36], I created Notifi-

cation on Object (NoO) to display notifications. This approach presents notifications di-

rectly within the 3D space, adhering to the context of the surrounding environment. This

approach aimed to provide users with relevant information without overwhelming them,

particularly when focusing on specific tasks. For example, during food preparation, no-

tifications about the pizza’s cooking status could be displayed directly above the oven,

allowing users to respond quickly without breaking immersion (Figure 4.4).

In the experiment, object-based notifications were displayed in a single-box format.

If a new notification from the same station was prompted before the current one disap-

peared, the existing notification would update its text with the new information, and the

timer to dismiss the notification would reset. While this approach reduces clutter and po-

tentially improves response times, it also increases the risk of missed notifications. This

could occur if the notification falls outside the user’s field of view or if they fail to glance

at it in time. Potential solutions include using audio alerts for new notifications or offering

a centralized list of all notifications for periodic review.

Notification on Dock

The Notification on Dock (NoD) concept draws inspiration from smartphone notifi-

cations, where all notifications are displayed in a readily accessible location by swiping

down on the screen [31, 32]. This approach presents notifications in a centralized list

format, simplifying information access and reducing the cognitive load associated with

locating individual notifications scattered throughout the environment. Although users

might miss notifications if they are scattered throughout the environment, a centralized

list allows for periodic review. Unlike object-based notifications, NoD cannot provide ad-

ditional information beyond the text itself (like the location of the object that triggered the

notification). Therefore, it becomes crucial to clearly indicate the station that generated

the notification within the message itself.
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Figure 4.5: Notification on Dock

Building on this concept, NoD is visualized as a drop-down list displaying notifi-

cations in reverse chronological order. As notifications disappeared, subsequent ones

would automatically move up within the list to fill the vacant space. Users could po-

sition the dock anywhere within the 3D space, allowing for customization and optimal

placement based on comfort or task demands (Figure 4.5).

However, Notification on Dock also has limitations. While it simplifies locating notifi-

cations, users need to find an optimal position within the 3D space. Inefficient placement

can negatively impact the time it takes to find visual objects in a 3D environment [66].

Additionally, the dock itself doesn’t inherently provide location information for the noti-

fication source, necessitating extra details within the message text.

4.3.2 Audio Notification

Audio notifications offer a valuable solution to address the limitations of visual no-

tifications, particularly in scenarios where visual cues might not be the most effective
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primary notification method [35]. Similar to how smartphones allow users to set distinct

notification tones for various applications, AR environments can utilize different sounds

for different notifications. This auditory distinction allows users to identify and prioritize

notifications without needing to glance at the application name or notification content,

enhancing the overall user experience.

A single, localized sound clip for notifications was employed to avoid over-complication

and increase the learning curve in the experiment. This approach enabled participants to

leverage spatial audio cues and determine the direction of the sound source. While the

Hololens 2 speakers, unlike true surround sound systems, lack the capability for full 360-

degree sound projection, they provided sufficient left-right differentiation for our pur-

poses. Since the notifications were confined to the XZ plane (horizontal and depth), the

Hololens 2 speakers were adequate for this specific scenario. This localized audio played

a crucial role in helping users identify the direction and source of the notification, such as

specific cooking stations, ultimately leading to faster response times.

The origin of the sound directly corresponded to the notification’s spawn location:

Notification on Dock (NoD): The sound originated from the dock itself.

Notification on Object (NoO): The sound emanated from the location above the object

that prompted the notification.

Sound-Only Condition: In the absence of visual notifications, the sound played as a

standard audio clip, seemingly originating from within the user’s head.

This single sound notification informed participants without introducing complexity

through various notification sounds. However, in a real-world application, designers

could leverage diverse sound designs to create a richer notification experience, allowing

users to distinguish between different notification types based on sound alone.
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4.4 Methodology

4.4.1 Research Questions

Building upon prior research, this study investigated the following research questions

(RQ) to gain insights into user experience with AR-HMD notification systems:

RQ1: Impact of Multimodal Notifications on User Performance (Serving Customers)

Do world-fixed notifications, compared to a no-notification baseline, improve user per-

formance in terms of serving customers efficiently and accurately within a time limit?

Building on the understanding that visual and audio notifications can enhance user

attention and reduce task load [13, 26], this study investigated the effectiveness of world-

fixed notification designs in supporting user performance and satisfaction within an AR

environment. Specifically, I wanted to explore how these notifications, presented at dif-

ferent locations within the AR space, can influence users’ ability to manage tasks and

interruptions in the context of serving customers, using MRT [67].

RQ2: Identifying the Most Noticeable Notification Types Among the various notifi-

cation designs (visual only, audio only, combined visual and audio), which types are most

successful in capturing users’ attention and ensuring they don’t miss critical information

about customer requests?

In a virtual environment where users can become engrossed in tasks, effective notifi-

cations are crucial for ensuring the timely delivery of critical information. This research

question seeks to determine which notification types are most prominent and readily no-

ticeable to users, minimizing the risk of missed information.

RQ3: User Preferences for Visual and Audio Notifications How do users perceive the

different notification design approaches in terms of ease of use, clarity, and overall user

experience? Do they have preferences for specific notification types that might influence

their long-term adoption and satisfaction within AR environments?

Previous studies have shown that user preferences can significantly impact the per-

ceived effectiveness and user acceptance of notification systems [34]. By understanding
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user preferences, more user-friendly and accepted systems can be designed in the context

of AR-HMD notifications.

By addressing these questions, I hope to gain valuable insights into how world-fixed

notifications can be designed to optimize user experience within AR workflows. The goal

is to create notification systems that effectively support task management while minimiz-

ing disruption and promoting user comfort and acceptance of this technology.

4.4.2 Experiment Design

This study employed a within-subjects design with two independent factors to evalu-

ate the effectiveness of world-fixed notifications:

Visual Notification (V3): This factor had three levels - Notification on Object (NoO),

Notification on Dock (NoD), and no visual notification (Control).

Auditory Notifications (A2): This factor had two levels - with audio notification (WS)

and without audio notification (WoS).

The combination of these factors resulted in six experimental conditions. NoO WoS -

Participants received visual notifications displayed directly on the virtual object requiring

attention. No audio notifications were presented. NoO WS - Participants received both

visual notifications on the object and an accompanying audio notification. NoD WoS -

Participants received visual notifications displayed on a fixed dock within the AR envi-

ronment. No audio notifications were presented. NoD WS - Participants received both

visual notifications on the dock and an accompanying audio notification. Control WoS

- This baseline condition presented no visual notifications. Participants relied solely on

other cues and changes in the environment to manage tasks. Control WS - This baseline

condition included only the audio notification without any visual notifications.

Figure 4.6 illustrates the overall flow of the experiment. Each participant completed all

six conditions in a randomized order, ensuring a balanced evaluation across notification

designs.
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Figure 4.6: Experiment Flowchart
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The experiment followed these steps:

1. Arrival and Introduction: Participants arrived at the research lab, provided in-

formed consent, and received a detailed explanation of the study.

2. Familiarization: Participants watched a short video introducing the AR environ-

ment and the different notification types they would encounter throughout the ex-

periment.

3. Training Level: Participants completed a practice level using a Hololens 2 headset.

This level involved making food items for three virtual customers without a time

limit, allowing them to familiarize themselves with the controls and virtual kitchen

environment. During this level, participants were allowed to ask questions and

guided through the steps to prepare food if needed.

4. Experimental Levels: Participants proceeded through the six experimental condi-

tions after completing the training level. The order of conditions was randomized

for each participant using a chi-square model.

(a) At the beginning of each level, participants received instructions regarding the

specific notification design they would experience (e.g., Notification on Object

with Sound).

(b) Each level presented a simulated customer service scenario where virtual cus-

tomers requested food items within a set time limit. Participants used virtual

objects to prepare the food while receiving notifications about cooking status

and new customers.

(c) The chosen notification sound was a subtle bubble-popping sound to minimize

distraction and maintain neutrality. Visual notifications remained active for 7

seconds in NoO and NoD conditions.
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(d) Participants acknowledged notifications by calling out a randomly generated

number in the notification text (to verify that they have indeed read the notifi-

cation).

5. Post-Surveys: Upon completing all six levels, participants answered post-experiment

surveys to convey their subjective experience with the different notification designs.

These surveys assessed ease of use, workload, clarity, and user preference. Due to

time constraints, no verbal interview was conducted.

The experiment recorded the following data to assess user performance and experi-

ence:

Table 4.2: Data measures recorded

User Actions

Experiment start Experiment end New notification
New ingredient spawn Ingredient deleted Notification viewed

Food presented to a customer Pizza put in the oven New Customer
Cooking Status Change Coffee cup added Customer leaves

Performance Metrics

Customer Served Customer Departure Customer Waiting Time
Notification Recognition Frequency Reaction Time Post-Survey Responses

This comprehensive data collection strategy allowed for a detailed analysis of user

behavior, performance metrics, and subjective experience across the different notifica-

tion design conditions within the AR customer service scenario. The data was later pre-

processed to prepare it for further statistical analysis.

4.4.3 Participants

The experiment involved 26 participants, equally divided between males and females,

aged 23 to 70 (M = 32.73, STD = 11.9). All participants identified as either male or female.

Participants consisted of students and staff from Colorado State University and people

who were not affiliated with the university. 84.6% of participants were either students
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or faculty. 69.23% of the participants reported using at least one AR or VR device. Par-

ticipants received compensation in the form of $20. Among the participants, 47.6% re-

ported that they have worked in a restaurant in some capacity (this includes as a cook or

a waiter). This study was approved by the university’s internal review board.

4.4.4 User Feedback During Design Process

User feedback obtained throughout the design process yielded several valuable in-

sights. While participants initially found the interaction challenging, they reported a

gradual increase in ease of use over time. As anticipated, Notification on Object with

Sound (NoO WS) was the preferred notification configuration. Participants noted that

the accompanying sound effectively captured their attention, while the localized nature

of the audio further guided their focus toward the relevant object. The visual notifica-

tion then confirmed the information conveyed through the audio notification. Overall,

participants viewed the notifications as a positive addition to the AR experience.

One suggestion offered by a participant involved presenting a brief introductory video

showcasing the virtual kitchen environment, the tasks, and the notifications before the

start of the experiment. The video may potentially familiarize users and reduce initial

learning time. Additionally, observations revealed that some tasks took longer than an-

ticipated due to limitations with the Hololens 2 hand-tracking capabilities. For instance,

participants encountered difficulties starting the coffee maker due to unreliable hand reg-

istration, preventing the coffee from brewing. To address this challenge, two potential

solutions were considered:

Key-Binding Control: Introduce a key-binding to an external keyboard, allowing the

experiment supervisor to remotely control the start and stop functions of the coffee maker.

Pre-Activated Coffee Maker: Eliminate the need for user interaction by keeping the

coffee maker pre-activated throughout the experiment, similar to the approach used with

the pizza oven.
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Ultimately, the chosen solution involved keeping the coffee maker continuously ac-

tive, removing the need for user intervention, and mitigating the potential impact of

hand-tracking limitations.

4.5 Results

After pre-processing the data, a two-way analysis of variance (ANOVA) was used to

analyze the data collected during the experiment. In cases where the data violated the

assumptions of ANOVA, we applied the Aligned Rank Transform (ART) procedure for

non-parametric analysis, as described by Wobbrock et al. (2011) [68]. If significant main

or interaction effects were identified, we conducted post hoc pairwise comparisons using

Tukey’s Honestly Significant Difference (TukeyHSD) test. However, for data transformed

with ART, the appropriate post hoc analysis procedure involved the ART-C method pro-

posed by Elkin et al. [69].

4.5.1 Performance

The analysis focused on the number of customers served successfully within the time

limit as a measure of user performance. Figure 4.7 depicts the average number of cus-

tomers served across the different notification design conditions. The x-axis represents

the different conditions (3 conditions of visual notification and 2 conditions of audio no-

tification). The y-axis represents how many customers were served on average in each

condition (maximum is 6). Error bars represent the standard error of the mean. Detailed

information on individual means, standard deviations, and standard errors can be found

in Table 4.3.

The results revealed a statistically significant interaction effect between visual and au-

dio notifications (F(2,125) = 4.14, p < .05). Further analysis using simple main effects

tests indicated that neither visual notifications (F(2,125) = 2.01, p = .14) nor audio notifi-
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Figure 4.7: Performance of participants in different notification conditions based on how many
customers they served.

Table 4.3: Mean performance of participants in different notification conditions

Notification Techniques Mean STD SE

NoO WoS 4.79 1.24 0.24
NoO WS 5.38 0.96 0.19
NoD WoS 4.8 1.14 0.22
NoD WS 4.52 1.44 0.28
Control WoS 4.96 1.19 0.23
Control WS 4.54 1.18 0.23

cations (F(1,125) = 0.27, p = .61) had a significant main effect on the number of customers

served on their own.

However, in post hoc contrast tests using the ART-C procedure, participants in the

NoO WS condition served significantly more customers compared to both NoD WS (t(125) =

3.52, p < .01) and Control WS (t(125) = 3.16, p < .05) conditions. There were no sta-

tistically significant differences observed between any other notification design combi-
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nations. During the ART-C procedure, the degrees of freedom are calculated using the

Kenward-Roger Method [70].

These findings suggest that while overall notification type (visual, audio, or both)

might not have a major impact on serving customers, the specific location of visual noti-

fications in conjunction with audio notifications can influence performance. Combining

visual notifications directly displayed on the served object with accompanying audio no-

tifications appears to be most beneficial for user performance in this task.

I investigated whether prior restaurant experience influenced user performance and

perceived task load. An independent samples t-test revealed no statistically significant

effect of restaurant experience on the number of customers served (t(24) = 1.6, p = .12).

While participants with restaurant experience served slightly more customers (M = 5.12,SD =

0.72) compared to those without experience (M = 4.57,SD = 1.01), the difference did not

reach statistical significance. Similarly, the NASA-TLX scores indicated no significant dif-

ference in overall perceived task load between participants with (M = 50.15,SD = 13.33)

and without (M = 49.62,SD = 11.56) restaurant experience (t(24) = 0.11, p = .91). A fur-

ther breakdown of the NASA-TLX sub-scales revealed no significant difference in per-

ceived temporal demand between the two groups (t(24) = −1.07, p = .29). Participants

with restaurant experience reported a temporal demand score of (M = 7.08,SD = 2.36),

while those without experience reported (M = 7.92,SD = 1.61). These findings suggest

that prior restaurant experience did not exert a significant influence on either user perfor-

mance or perceived task load within the context of this experiment.

4.5.2 Visual Notifications Called

The analysis focused on the number of times participants actively acknowledged vi-

sual notifications by verbally calling out the confirmation number displayed within the

notification text. The average number of visual notifications called out across the differ-

ent notification design conditions is illustrated in Figure 4.8. The x-axis represents the
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different conditions (2 conditions of visual notifications and two conditions of audio no-

tifications). The y-axis represents how many notifications were called out on average in

each condition. Error bars represent the standard error of the mean. Detailed information

on individual means, standard deviations, and standard errors can be found in Table 4.4

Figure 4.8: Average number of notifications called in different notification conditions

Table 4.4: Mean number of notifications called in different notification conditions

Notification Techniques Mean STD SE

NoO WoS 4.08 2.66 0.52
NoO WS 7.15 3.88 0.76
NoD WoS 4.12 2.65 0.52
NoD WS 6.58 4.32 0.85
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The analysis revealed no statistically significant interaction effect between visual and

audio notifications (F(1,100) = 0.2, p = .66). Looking at the analysis of simple main ef-

fects showed that the presence of visual notifications alone (regardless of accompanying

audio) did not exert a significant main effect on the number of notifications called out

(p = .7). However, audio notifications played a crucial role (F(1,100) = 22.01, p < .001).

Participants called out significantly more visual notifications when accompanied by au-

dio notifications (M = 6.87,SD = 4.18) compared to conditions with only visual notifica-

tions (M = 4.1,SD = 2.71).

These findings suggest that while the presence of visual notifications alone might not

guarantee user attention, strategically combining them with audio notifications can sig-

nificantly improve user awareness of these notifications within the AR environment. This

highlights the potential benefits of multimodal notification design for enhancing user ex-

perience in AR tasks requiring divided attention.

4.5.3 Visual Notifications Called Reaction Time

The analysis focused on the time participants took to verbally call out the confirmation

number displayed in a visual notification. The average reaction time across the different

notification design conditions is illustrated in Figure 4.9. The x-axis represents the differ-

ent conditions (2 conditions of visual notifications and two conditions of audio notifica-

tions). The y-axis represents the number of seconds the participants took to shout out the

number on the notification. Error bars represent the standard error of the mean. Detailed

information on individual means, standard deviations, and standard errors can be found

in Table 4.5 (to be inserted later in the document).

The analysis revealed no statistically significant interaction effect between visual and

audio notifications (F(1,68.08) = 3.28, p= .07). The analysis of simple main effects showed

that neither the presence of visual notifications alone (p = .36) nor the presence of audio

notifications (p = .34) exerted a significant main effect on reaction time.
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In simpler terms, these findings suggest that, within the context of this experiment,

neither the presence or absence of visual notifications nor the presence or absence of au-

dio notifications significantly influenced how quickly participants reacted to visual noti-

fications.

Figure 4.9: Average reaction time to notice the notification in different notification conditions in
seconds

Table 4.5: Average reaction times to notice the notification in different notification conditions in
seconds

Notification Techniques Mean STD SE

NoO WoS 4.48 1.1 0.21
NoO WS 5.1 2.07 0.41
NoD WoS 5.12 1.34 0.26
NoD WS 4.4 0.93 0.18
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4.5.4 User Preference and Usability

The system’s usability was evaluated using the well-established Post-Study System

Usability Scale (PSSUQ) [71]. Participants completed the PSSUQ after experiencing all

conditions within the AR environment. The PSSUQ consists of 18 items rated on a 7-

point Likert scale, ranging from 1 (strongly agree) to 7 (strongly disagree). In addition to

the standard PSSUQ items, we included a custom question to gauge user preference for

notification types.

Participants rated the system favorably on the PSSUQ, with a mean score of 1.23 (SD

= 0.44), indicating generally positive perceptions of usability. Next, I analyzed individual

PSSUQ items to assess agreement levels. Considering a mean score below 1.75 (25%) as

indicative of strong agreement, most statements received strong agreement from partici-

pants. However, items regarding task completion time (item 4) (M = 1.85,SD = 1.38) and

error messages (item 8) (M = 2.38,SD = 1.88) showed mixed agreement scores. The raw

scores are listed in Section A.1.

To understand user preference for notification types, we included a question asking

participants to choose their preferred option from six conditions. The results revealed a

clear preference for “Notification on Object With Sound” (50%). This suggests that users

found this notification type to be most helpful in the AR customer service scenario. Other

user preferences included notifications on the object without sound (7.7%), notifications

on the dock with sound (19.2%), and notifications with sound only (19.2%). Minimal

interest was shown for notifications on the dock without sound (0%) and no notifications

without sound (1%).

4.6 Discussion

This study investigated how user performance and preference are influenced by the

design of visual and audio notification systems within an AR environment. We evalu-

ated two visual notification placements (fixed dock vs. above relevant objects) and the
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presence or absence of accompanying audio notifications. The results demonstrate that

the combination of visual notifications positioned directly above relevant objects and syn-

chronized audio notifications outperformed other conditions. Notably, this combination

achieved better noticeability and emerged as the preferred notification mode among par-

ticipants. These findings highlight the importance of strategic design choices when using

visual and audio notifications in AR interfaces. The findings align with the work of Plabst

et al. [51], who also found that placing AR notifications in the world anchored to the task

context (in their case, on the object) led to the quickest reaction times, even though their

study did not involve audio cues. This reinforces the notion that strategically positioning

visual notifications can significantly enhance user performance in AR tasks.

The study examined the number of customers served (out of six) as a performance

metric. Interestingly, neither visual nor audio cues alone had a statistically significant ef-

fect on user performance. However, the combination of both modalities yielded promis-

ing results. We posit that audio notifications effectively capture user attention, while vi-

sual notifications positioned above objects aid users in locating and engaging with their

primary tasks more swiftly.

The post hoc analysis revealed a noteworthy trend: the presence of audio notifications

significantly enhanced the benefit of visual cues positioned above objects compared to

visual notifications on a dock or no visual notification at all. Conversely, the absence of

audio notifications did not reveal significant differences between the various visual cue

configurations. This suggests that when solely relying on visual cues, participants relied

less on visual notifications as a primary means of task assistance.

These observations align with the findings from our noticeability assessment. The

results showed that the presence of audio notifications significantly improves the over-

all noticeability of notifications. In a 3D environment characterized by distributed in-

formation, there’s a high probability of users missing notifications located outside their

immediate FoV. Therefore, incorporating audio notifications, where feasible, offers an im-

44



pactful way to augment notification noticeability within AR interfaces. Our finding that

the combination of visual and audio notifications outperformed either modality alone

is corroborated by Lazaro et al. [53]. Their study demonstrated that audio notifications

outperform visual notifications, but combining both leads to significantly better results.

This convergence of findings highlights the potential benefits of multimodal notification

design for enhancing user performance in AR tasks requiring divided attention.

Investigating user preferences yielded results consistent with the performance find-

ings. Approximately 50% of participants indicated a preference for “Notifications on ob-

jects with sound.” The PSSUQ survey results revealed that participants generally found

the system to be usable and satisfactory. The slightly lower scores on task completion time

might be attributed to the intentional design of time-sensitive tasks aimed at encouraging

multi-tasking. The low average score for the item discussing error messages could be due

to the limited nature of the error message itself, which only displayed a brief text notifica-

tion when presenting an incorrect food item. Providing more specific and timely feedback

within the task flow might improve user experience and potentially lead to higher scores

on this item.

While further research is necessary to fully understand the optimal design of AR HMD

notifications, our study provides valuable insights into the effectiveness of strategic visual

placement and multimodal notification design. We found that placing visual notifications

directly on task-relevant objects enhanced user performance and noticeability, with the

combination of visual and audio notifications being the most preferred by participants.

These findings build upon existing research on notification design by demonstrating the

benefits of a multimodal approach within an AR context.

4.6.1 Design Implications

The study found that while neither visual nor audio cues alone significantly affected

user performance, the combination of both led to promising results. Developers should
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thus consider integrating both modalities into their AR applications to enhance notice-

ability and user engagement.

The study also highlighted the importance of the effective placement of visual no-

tifications, particularly above relevant objects, to improve user task performance. This

suggests that the developers should consider the placement of visual cues to improve

users’ ability to find and interact with objects in an AR environment. The sound cues

also proved effective in capturing users’ attention, and developers should explore in-

corporating sound cues where feasible, especially in 3D environments with distributed

information.

4.6.2 Limitations

While our results favored the combination of visual and audio cues, it’s important to

underscore the significant role played by sound cues in guiding users’ attention toward

visual notifications. The design of a visual cue with attention-directing capabilities may

yield intriguing outcomes.

Another limitation of our study relates to the absence of ambient audio noise in the AR

environment, which could potentially diminish the effectiveness of sound cues. Despite

the presence of visual clutter and noise in the AR setting, the absence of concurrent au-

ditory noise represents a distinct environmental constraint worth acknowledging. Lastly,

users had to call out notifications verbally when they saw them, for the experimenter to

log the notice. This could introduce potential noise to the reaction times.

4.7 Conclusion and Future Work

This study investigated the effectiveness of visual and audio notifications in user-

friendly AR interfaces. An empirical evaluation explored user performance and pref-

erence for different notification modalities within the immersive environment of ARtisan

Bistro, a collaborative AR platform. Participants engaged in tasks related to cooking and
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customer service while we manipulated the placement of visual notifications (fixed vs.

above objects) and the presence of localized audio notifications.

The results revealed a clear trend: the combination of visual notifications positioned

directly on relevant objects with synchronized audio cues emerged as the most effective

configuration within AR HMDs. This approach not only enhanced user performance but

also captured user attention most effectively compared to alternative notification designs.

These findings underscore the importance of strategic design choices regarding visual

and audio notifications in AR environments. Our research offers valuable insights for en-

gineers, developers, and others who create 3D interfaces for AR applications. Ultimately,

this fosters user-centered innovation for smoother everyday interaction with mixed real-

ity technology.

Future research directions include exploring visual cueing techniques that notify users

and guide their attention toward the notifications themselves. Another direction of re-

search can include transitioning to a setting that blends physical and virtual elements,

where notifications remain virtual while interacting with tangible objects. Investigating

alternative visual notification techniques, such as color-coding and positioning notifica-

tions within the user’s FoV, is another potential area for further investigation. These en-

hancements could potentially reduce cognitive load and improve user efficiency in man-

aging multiple notifications within an AR environment.
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Chapter 5

Beyond the Beep: Comparing Visual-Only and

Multimodal Notification Design for Improved

Noticeability in Augmented Reality

This chapter addresses a crucial aspect of AR user experience: designing and optimiz-

ing information delivery through notifications within AR environments. In a noise-filled

environment, visual notifications may serve as the primary communication channel be-

tween the AR system and the user. This chapter investigates whether visual-only notifica-

tion designs can be optimized to minimize disruption, maximize user performance, and

assist users as effectively as multimodal notifications. Additionally, it explores whether

visual-only notifications can become a preferred design choice.

This Chapter will be adapted and submitted to the 32nd IEEE Conference on Virtual

Reality And 3d User Interfaces 2025.

5.1 Introduction

Augmented Reality (AR) is rapidly evolving as a critical technology in various do-

mains, offering enhanced user experiences by overlaying digital information onto the real

world. However, effective information delivery within AR environments presents signif-

icant challenges, particularly regarding notification design. Notifications must balance

being informative and attention-grabbing without causing undue distraction or cognitive

overload. This balance is especially important in environments where users must main-

tain high-performance levels and situational awareness, such as in customer service or

industrial applications.
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Notifications in AR can be delivered through various modalities, like visual, audio,

or haptic. Prior research suggests that multimodal notifications, which integrate both

visual and auditory cues, can improve user focus and reduce task load [13, 26]. How-

ever, the effectiveness of visual-only notifications, especially in environments where au-

ditory cues may be impractical due to ambient noise or other constraints, remains under-

explored. This study aims to fill this gap by investigating the effectiveness of different

visual-only notification designs compared to combined visual-audio notifications in AR

environments.

The primary objective of this research was to determine whether user performance

could be maintained with more intrusive visual-only notifications compared to multi-

modal notifications (visual + audio). The secondary objective was to explore whether

specific visual-only notification designs can capture user attention as effectively as notifi-

cations that combine visual and auditory modalities.

This study employed a simulated AR environment called ARtisan Bistro [54] to eval-

uate user performance, attention capture, and user experience across various notification

designs: Notifications on Object With Sound (NoO WS), Notification on Viewport (NoV),

Notification On Object With Arrow (NoO WA), and a Control condition with No Notifi-

cations.

The findings indicate that user performance remained consistent across all notification

types, suggesting that visual-only notifications do not hinder performance compared to

multimodal designs. Attention capture was significantly higher with combined audio

and visual cues (NoO WS) compared to visual-only notifications guided by an arrow

(NoO WA). FoV fixed visual notifications (NoV) showed similar attention rates to both

NoO WS and NoO WA, suggesting their potential effectiveness in noisy environments.

While visual-only notifications are effective in maintaining user performance, com-

bined visual-audio notifications are more efficient in capturing user attention and are

preferred by users. These findings highlight the need for further research to explore more
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complex AR tasks, optimize visual notification designs, and understand the impact of

ambient noise on visual-only notifications.

5.2 Notification Design

This section dives into the design of the notification system implemented in our study.

The best-performing and the most preferred notification design (Notification on Object

With Sound) from the last study was chosen as the baseline for comparison. I then in-

troduced and evaluated two new visual-only notifications: Notification on Viewport and

Notification on Object with Arrow. For more details about Notification on Objects With

Sound, refer to Subsections 4.3.1 and 4.3.2.

5.2.1 Notification on Viewport

Figure 5.1: Notification on Viewport
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Notification on Viewport displays notifications attached to a fixed position in the FoV.

The notification’s movement is synchronized with the movement of the HMD. Position-

ing the notification attached to the display will ensure that users are more likely to notice

and read it. In cases of urgent notifications, it is crucial to promptly inform the user of

the conveyed information. Additionally, by synchronizing the movement of notifications

with the HMD, users can easily track and interact with notifications as they navigate their

environment.

However, it is essential to consider potential challenges such as obstructing primary

tasks, notification overload, and missed notifications due to limited FoV. The position of

the notification on the display is an important factor to consider. [72] investigated the

influence of AR notification design on user experience while walking. Their findings sug-

gest that optimal design depends on notification type, with bottom placement preferable

for high-priority notifications and right placement better for low-priority notifications.

Similar results were observed by Plabst et al. [51] who stated, “bottom-center position

should be used over top-right placement.” Based on the previous studies, the bottom-

center position on the FOV was selected (Figure 5.1).

5.2.2 Notification on Object with Arrow

Notifications on Object with Arrow improves on the perks presented by Notifications

on Object by adding a guiding object. This guiding object, in this case, an arrow, can lead

the user to the notification when it’s out of view. To minimize obstruction of the FoV,

the arrows were positioned on the periphery and aligned with the direction they were

pointing (Figure 5.2).

Warden et al. examined how different cue designs and placement affect visual search

tasks in AR [66]. Their study compared three cue types (arrow, icon image, minimap) and

two placement locations (center, downward) within an AR HMD. They found that arrows

provided the greatest search benefit. The addition of more information on the display can
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lead to obstructing primary tasks, information overload, and distract attention away from

primary tasks or important environmental cues.

Figure 5.2: Notification on Object with Arrow

5.3 Methodology

5.3.1 Research Questions

By posing these research questions (RQs), I aim to gain valuable insights that can

improve user experience (UX) within AR environments.:

RQ1: Can user performance remain the same when aided with more intrusive visual-

only notifications compared to notifications with added sound?

Prior research suggests that visual and auditory notifications can improve user fo-

cus and reduce task load [13, 26]. This research question explores the effectiveness of

visual-only notifications in supporting user performance and satisfaction within an AR

environment. Specifically, I wanted to explore how these notifications, presented only as
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a visual modality, can influence users’ ability to manage tasks and interruptions when

serving customers.

RQ2: Among the two pure visual notification designs (NoV, NoO WA), are either

of them as successful in capturing users’ attention as notifications with both visual and

audio modality?

Imagine a bustling AR environment where background noise might make it challeng-

ing to hear notification sounds. In such scenarios, visual notifications become the primary

way to grab users’ attention. This research question seeks to determine if visual-only noti-

fication types (NoV, NoO WA) are as noticeable and effective as notifications that combine

visual cues with sounds (NoO WS).

RQ3: How do the different notification design techniques influence user experience?

This user experience includes perception of ease of use, clarity, and overall satisfaction.

Do users develop preferences for specific notification types?

These preferences could influence how readily users adopt and feel comfortable us-

ing notifications within AR environments in the long run. For example, some users might

find visual-only notifications less intrusive, while others prefer the combined audio-visual

approach for enhanced clarity. The perceived effectiveness and user acceptance of noti-

fication systems have been shown to be significantly impacted by user preferences in

previous studies [34].

By addressing these questions, I hope to better understand the trade-offs between pure

visual notifications and notifications that combine visual and auditory cues. This knowl-

edge will inform the design of AR notification systems that optimize user experience.

The ideal system should support task management effectively while minimizing distrac-

tions. It should also promote user comfort and acceptance by considering preferences for

notification modality and intrusiveness.
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5.3.2 Experiment Design

This study utilized a within-subjects design. The independent variable was the type

of notification used, resulting in four experimental conditions:

(1) Notification on Object With Sound (NoO WS) - Participants received both visual

notifications on the object and an accompanying audio notification.

(2) Notification on Viewport (NoV) - Visual notifications were displayed in a fixed

location at the bottom center of the participant’s FoV

(3) Notification on Object With Arrow (NoO WS) - Participants received visual notifi-

cations displayed directly on the virtual object requiring attention. An arrow was paired

with each notification, guiding the participants to the respective notification.

(4) No Notifications (Control) - This baseline condition presented no visual notifica-

tions. Participants relied solely on their ability to keep track of changes within the envi-

ronment to manage tasks.

Figure 5.3 illustrates the overall flow of the experiment. Each participant completed all

four conditions in a randomized order, ensuring a balanced evaluation across notification

designs. The experiment followed these steps:

1. Arrival and Introduction: Participants arrived at the research lab, provided in-

formed consent, and received a detailed explanation of the study.

2. Familiarization: Participants watched a short video introducing the AR environ-

ment and the different notification types they would encounter throughout the ex-

periment.

3. Training Level: Participants completed a practice level using a Hololens 2 headset.

This level involved making food items for three virtual customers without a time

limit, allowing them to familiarize themselves with the controls and virtual kitchen

environment. During this level, participants were allowed to ask questions and

guided through the steps to prepare food if needed.
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4. Experimental Levels: Participants proceeded through the four experimental condi-

tions after completing the training level. The order of conditions was randomized

for each participant using a chi-square model.

(a) At the beginning of each level, participants received instructions regarding the

specific notification design they would experience (e.g., Notification on Object

with Sound).

(b) Each level presented a simulated customer service scenario where virtual cus-

tomers requested food items within a set time limit. Participants used virtual

objects to prepare the food while receiving notifications about cooking status

and new customers.

(c) The chosen notification sound was a subtle bubble-popping sound to minimize

distraction and maintain neutrality. Visual notifications remained active for 7

seconds in NoO WS, NoV, and NoO WA conditions.

(d) Participants acknowledged notifications by speaking out the word notification

(to verify that they have indeed observed the notification).

(e) After each condition, participants completed two surveys (System Usability

Scale [73] and NASA-TLX [64]).

5. Post-Interview: Upon completing all four levels, participants answered post-experiment

interview questions to convey their subjective experience with the different notifi-

cation designs.

The experiment recorded the following data to assess user performance and experi-

ence:

This comprehensive data collection strategy allowed for a detailed analysis of user

behavior, performance metrics, and subjective experience across the different notifica-

tion design conditions within the AR customer service scenario. The data was later pre-

processed to prepare it for further statistical analysis.

55



Figure 5.3: Experiment Flowchart
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Table 5.1: Data measures recorded

User Actions

Experiment start Experiment end New notification
New ingredient spawn Ingredient deleted Notification observed

Food presented to a customer Pizza put in the oven New Customer
Cooking Status Change Coffee cup added Customer leaves

Performance Metrics

Customer Served Customer Departure Customer Waiting Time
Notification Observed Frequency Reaction Time Post-Survey Responses

5.3.3 Participants

The experiment involved 24 participants. All participants identified as either male

or female, with a breakdown of 13 male and 11 female participants. Their age ranged

from 19 to 56 (M = 27.88, STD = 8.99). This age range represents a mix of young adults

and individuals in their mid-fifties. Participants were recruited from a combination of

sources: students and staff from Colorado State University and individuals not affiliated

with the university. The majority of participants were either students or faculty.

Prior experience with AR and VR technology was assessed to gauge the participants’

familiarity with immersive environments. Over 90% of the participants (91.67%) reported

having used at least one AR or VR device in the past. This indicates a relatively high level

of comfort and a basic understanding of interacting within these environments. To un-

derstand the participants’ potential familiarity with the task context (restaurant service),

I inquired about previous work experience in a restaurant setting (e.g., cook, waiter). Ap-

proximately one-third of the participants (33.3%) reported having some form of restau-

rant work experience. While not a prerequisite for successful task completion, this in-

formation provides context for interpreting any potential influence of prior experience

on user performance. As a token of appreciation for their time and participation, each

participant received a compensation of $20. This study was approved by the university’s

internal review board.
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5.4 Results

5.4.1 Performance

The analysis focused on the number of customers served successfully within the time

limit as a measure of user performance. Figure 5.4 depicts the average number of cus-

tomers served across the different notification design conditions. The x-axis represents

the various conditions (4 notification types). The y-axis represents how many customers

were served on average in each condition (maximum is 6). Error bars represent the stan-

dard error of the mean. Detailed information on individual means, standard deviations,

and standard errors can be found in Table 5.2.

Figure 5.4: Performance of participants in different notification conditions based on how many
customers they served.

A Shapiro-Wilk test [74] was performed and showed that the distribution of the data

departed significantly from normality (W = 0.81, p < .001). Levene’s test [75] was con-

ducted to assess the homogeneity of variances. The results showed variances were un-

equal across groups (F(3,92) = 3.17, p < .05). Based on this outcome, a non-parametric

test called the Kruskal-Wallis H test [76] was used. It showed no significant difference
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Table 5.2: Mean performance of participants in different notification conditions

Notification Techniques Mean STD SE

NoO WS 4.88 1.27 0.26
NoV 5.0 0.82 0.17
NoO WA 5.25 0.83 0.17
Control 5.32 0.87 0.18

in pain score between the different drug treatments, χ2(3) = 1.48, p = 0.69. This suggests

that the type of notification participants received did not significantly impact their ability

to complete customer service tasks within the simulated environment.

We further investigated whether prior restaurant experience influenced user perfor-

mance. A one-way ANOVA was performed to compare the effect of prior work ex-

perience in a restaurant on the number of customers served. A Shapiro-Wilk test was

performed and did not show evidence of non-normality (W = 0.92, p = 0.388). Lev-

ene’s test was conducted to assess the homogeneity of variances. The results confirmed

equal variances across groups (F(1,22) = 0.74, p = 0.4). The ANOVA revealed no statis-

tically significant difference in the number of customers served between the two groups

(F(1,22) = 0.174, p = 0.68). This suggests that any prior experience in the culinary field

did not significantly impact the user’s ability to complete customer service tasks within

the simulated environment.

5.4.2 Notifications Observed

The analysis focused on the number of times participants actively acknowledged no-

tifications by verbally calling out the word “notification” every time they observed a new

notification (this can be visual or auditory observation). The average percent of notifi-

cations called out across the different notification design conditions is illustrated in Fig-

ure 5.5. The x-axis represents the different conditions (notification types). The y-axis rep-

resents the percentage of notifications that were observed on average in each condition.
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Error bars represent the standard error of the mean. Detailed information on individual

means, standard deviations, and standard errors can be found in Table 5.3

A Shapiro-Wilk test was performed and did not show evidence of non-normality (W =

0.99, p = 0.695). Levene’s test was conducted to assess the homogeneity of variances. The

results confirmed equal variances across groups (F(2,57) = 2.22, p = 0.118). A one-way

ANOVA was conducted to assess potential differences in notification observation rates

across the three experimental conditions (NoO WS, NoV, and NoO WA). The ANOVA

results revealed a statistically significant main effect of notification type on the percentage

of notifications observed (F(2,56) = 4.32, p < 0.05). This suggests that at least one of the

notification types differed from the others in terms of how many notifications participants

noticed.

Further analysis using Tukey’s Honestly Significant Difference (HSD) test for multiple

comparisons identified a significant difference in notification observation rates between

the NoO WS and NoO WA conditions (p < 0.05,95% CI = [1.70,19.79]). This indicates that

participants observed a significantly higher percentage of notifications when presented

with both visual cues on the object and accompanying sound cues (NoO WS) compared

to the condition with only visual cues on the object and an arrow (NoO WA).

Interestingly, the ANOVA results did not reveal any statistically significant differences

in notification observation rates between the NoO WS and NoV conditions (p = 0.124),

nor between NoV and NoO WA (p = 0.567). This suggests that participants observed

a similar percentage of notifications when presented with visual and audio cues on the

object (NoO WS) compared to only visual cues displayed at a fixed position in the user’s

FoV (NoV) and with visual cues on the object with an arrow (NoO WA) compared to

visual cues displayed at a fixed position in the user’s FoV (NoV).
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Figure 5.5: Average number of notifications observed in different notification conditions

Table 5.3: Mean number of notifications observed in different notification conditions

Notification Techniques Mean STD SE

NoO WS 81.63% 18.90 4.03
NoV 76.78% 15.03 3.13
NoO WA 68.53% 20.26 4.53

5.4.3 Notifications Observed Reaction Time

The analysis focused on the time participants took to verbally call out the confirma-

tion number, which was displayed in a visual notification. The average reaction time

across the different notification design conditions is illustrated in Figure 5.6. The x-axis

represents the different conditions (notification types). The y-axis represents the number

of seconds the participants took to shout out the word “notification”. Error bars repre-

sent the standard error of the mean. Detailed information on individual means, standard

deviations, and standard errors can be found in Table 5.4.
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A Shapiro-Wilk test was performed and did not show evidence of non-normality

(W = 0.98, p = 0.526). Levene’s test was conducted to assess the homogeneity of vari-

ances. The results confirmed equal variances across groups (F(2,57) = 0.75, p = 0.477). A

one-way ANOVA was conducted to assess potential differences in reaction times (time

taken to notice a new notification) across the three experimental conditions (NoO WS,

NoV, and NoO WA). The ANOVA results revealed a statistically significant main effect

of notification type on reaction time for observed notifications (F(2,58) = 7.13, p < 0.01).

This indicates that at least one of the notification types led to significantly faster or slower

reaction times compared to the others.

Further analysis using Tukey’s HSD test for multiple comparisons identified signifi-

cant differences in notification response time between the following conditions:

NoO WS vs NoO WA: Participants responded significantly faster to notifications pre-

sented with both visual cues on the object and accompanying sound cues (NoO WS)

compared to the condition with only visual cues on the object and an arrow (NoO WA)

(p < 0.01,95% CI = [−1.195,−0.225]).

NoV vs NoO WA: Participants also responded significantly faster to visual cues dis-

played at a fixed position in the user’s FoV (NoV) compared to the condition with visual

cues on the object and an arrow (NoO WA) (p < 0.01,95% CI = [−1.113,−0.133]).

Interestingly, the ANOVA results did not reveal any statistically significant difference

in notification response time between the NoO WS and NoV conditions (p = 0.896). This

suggests that participants responded with similar speeds to notifications presented with

both sound and visual cues on the object (NoO WS) compared to only visual cues dis-

played at a fixed position in the user’s FoV (NoV).

5.4.4 User Preference, Usability, and Workload

The system’s (notifications) usability was evaluated using the well-established Sys-

tem Usability Scale (SUS) [73]. Participants completed the 10-item SUS survey after each
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Figure 5.6: Average reaction time to register the notification in different notification conditions in
seconds

Table 5.4: Average reaction times to notice the notification in different notification conditions in
seconds

Notification Techniques Mean STD SE

NoO WS 2.34 0.70 0.15
NoV 2.64 0.88 0.18
NoO WA 3.30 0.96 0.21

condition, recording their subjective experience. The SUS consists of 10 items rated on

a 5-point Likert scale, ranging from 1 (strongly disagree) to 5 (strongly agree). In addi-

tion to the standard SUS items, a custom question was included to gauge user preference

orders for notification types.

Participants rated the system favorably on the SUS. The generally accepted rating is

> 80.3 = Excellent; 68 − 80.3 = Good; 68 = Okay; 51 − 68 = Poor; < 51 = Aw f ul [77].

The results showed variations in perceived usability across conditions. Participants’ per-

ceived usability scores for each condition are reported in Table 5.5.

A Shapiro-Wilk test was performed and did not show evidence of non-normality

(W = 0.98, p = 0.172). Levene’s test was conducted to assess the homogeneity of vari-
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Table 5.5: Average SUS scores for different notification conditions

Notification Techniques Mean STD SE

NoO WS 80 15.28 3.12
NoV 77.5 14.49 2.96
NoO WA 66.67 18.34 3.74
Control 75 17.14 3.50

ances. The results confirmed equal variances across groups (F(3,92) = 0.24, p = 0.866).

A one-way ANOVA was conducted to assess potential differences in SUS scores across

the four experimental conditions (NoO WS, NoV, NoO WA, and Control). The ANOVA

results revealed a statistically significant main effect of notification type on the SUS scores

(F(3,92) = 2.87, p < 0.05). This suggests that at least one of the notification types differed

from the others in terms of SUS score.

Further analysis using Tukey’s HSD test for multiple comparisons identified a sig-

nificant difference in SUS scores between the NoO WS and NoO WA conditions (p <

0.05,95% CI = [0.694,25.972]). This indicates that participants experienced better system

usability when presented with both visual cues on the object and accompanying sound

cues (NoO WS) compared to the condition with only visual cues on the object and an

arrow (NoO WA).

Interestingly, the ANOVA results did not reveal any statistically significant differences

in SUS scores between the NoO WS and NoV conditions (p = 0.955), the NoO WS and

Control (p = 0.729), the NoV and NoO WA conditions (p = 0.120), the NoV and Control

(p = 0.955), and the NoO WA and Control (p = 0.317).

The NASA Task Load Index (TLX) was used to assess participants’ perceived work-

load while interacting with the system (notifications) under different conditions. After

completing each condition, participants provided ratings on six subscales. Each subscale

ranged from 0.5 to 10 with intervals of 0.5. The overall workload was calculated by using

Raw NASA-TLX [64].

Participants’ perceived workload scores for each condition are reported in Table 5.6.
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Table 5.6: Average workload scores for different notification conditions

Notification Techniques Mean STD SE

NoO WS 53.02 18.53 3.78
NoV 52.29 16.82 3.43
NoO WA 54.97 17.69 3.61
Control 53.19 18.80 3.84

A Shapiro-Wilk test was performed and did not show evidence of non-normality

(W = 0.98, p = 0.098). Levene’s test was conducted to assess the homogeneity of vari-

ances. The results confirmed equal variances across groups (F(3,92) = 0.056, p = 0.98).

A one-way ANOVA was conducted to assess potential differences in NASA TLX scores

across the four experimental conditions (NoO WS, NoV, NoO WA, and Control). The

ANOVA results did not reveal a statistically significant main effect of notification type

on the NASA TLX scores (F(3,92) = 0.092, p = 0.97). This suggests that participants’ per-

ceived workload, as measured by the NASA TLX, did not differ significantly between the

four notification conditions. In other words, regardless of the notification type presented,

participants reported similar workload levels while performing the tasks within the AR

environment.

To gain insights into user preferences for notification design, participants were asked

to rank the notification conditions from “Best” to “Worst”. The results revealed a clear or-

der of preference. Participants overwhelmingly favored the NoO WS condition, followed

by NoV, Control, and lastly, NoO WA.

5.5 Discussion

5.5.1 Performance

Building upon the established value of notification cues for user experience, RQ1

delved deeper into the effectiveness of visual-only notifications for user performance

in AR environments. While past research suggests the benefits of both visual and au-
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ditory notifications for focus and task load reduction [13, 26, 61], this study explored if

visual-only notifications could maintain similar performance levels. Maintaining or even

surpassing the performance with vision-only notifications is important for environments

where sound modality may be impractical.

The analysis of the number of customers served revealed no significant difference be-

tween the three notification conditions (NoO WS, NoV, NoO WA). This suggests that user

performance in serving customers remained comparable regardless of whether they re-

ceived visual-only notifications or notifications with sound within the simulated restau-

rant environment. These findings indicate that visual-only notifications might not neces-

sarily hinder user performance compared to multimodal notification designs.

However, it’s important to acknowledge that these results also indicate no significant

difference in performance between conditions where participants received notifications

and those where they did not (Control condition). This lack of distinction between no-

tification and control groups is unexpected and warrants further investigation. Notably,

these findings diverge from the results obtained in the previous studies [13, 26].

One potential explanation for these observations is the cognitive demand for customer

service tasks within the AR environment. The tasks may not have been complex enough

for visual-only notifications to be a significant disadvantage compared to notifications

with sound. This could also explain the lack of difference between participants who re-

ceived notifications and those who did not. More complex tasks might benefit more from

the combined support of visual and auditory cues. While visual-only notifications did

not hinder performance in this specific scenario, further research is needed to understand

their effectiveness in a broader range of AR tasks and environments with varying levels

of cognitive demand.

Future studies could explore the impact of notification type on user performance in

more complex AR tasks that require a higher level of cognitive processing.
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5.5.2 Notifications Observed

RQ2 focused on the effectiveness of visual-only notifications (NoV, NoO WA) in cap-

turing user attention, particularly in scenarios with potential ambient noise. The findings

highlight the importance of considering the specific design of visual notifications for op-

timal attention capture.

The analysis of notification observation rates revealed that participants acknowledged

a significantly higher percentage of notifications when presented with the combined au-

dio and visual cues (NoO WS) compared to the condition with only an arrow guiding

to the visual notifications (NoO WA). This aligns with previous research suggesting the

benefits of multimodal notifications for enhanced user awareness [13, 26].

Interestingly, the observation rates for FoV fixed visual notifications (NoV) were sta-

tistically similar to both the combined modality condition (NoO WS) and the visual-only

with arrow condition (NoO WA). This suggests that in this specific scenario, the NoV

notification type might have been sufficient to capture user attention to a similar degree

as NoO WS. With FoV fixed visual notifications (NoV) achieving similar attention rates

compared to the combined modality condition (NoO WS) in this specific task, it may

prove more advantageous in environments with significant background noise. In such

scenarios, NoV notifications could ensure users don’t miss important information while

minimizing auditory disruption.

However, it’s important to consider potential limitations. The tasks in this study might

not require as much attention to necessitate a clear advantage for the combined modality

condition. More demanding tasks might show a greater difference. Building on these

findings, future research could explore how visual notification design can be optimized

to improve attention capture in AR environments, like experimenting with visual design

elements like size, color, animation, and location within the AR space to maximize their

attention-grabbing potential. Another avenue can be to explore the effectiveness of NoV

notifications in various noise environments and with different task complexities.
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The observation rates for purely visual notifications (NoV) were statistically similar

to the combined modality condition (NoO WS). However, the analysis of response times

(time taken to verbally confirm a notification) paints a different picture. Participants re-

sponded significantly faster to both NoV and NoO WS notifications compared to NoO

WA. This suggests that while purely visual notifications might be noticed with similar

frequency as combined notifications in this specific task, the presence of an arrow point-

ing to the object wasn’t fast enough to capture the attention away from the primary task.

One reason for slow response time may be that arrows are located at the periphery. If

the user was too focused on the primary task, they might have missed the appearance of a

new arrow. Another reason might be information overload: The additional visual element

(arrow) might have caused a momentary information overload, especially compared to

the simpler cues in NoV and NoO WS.

This research question highlights a trade-off between notification design and user ex-

perience. While visual-only notifications can be effective in some situations, adding au-

ditory cues can enhance attention capture. Future research can further refine visual noti-

fication design for optimal user experience in diverse AR contexts.

5.5.3 User Preference, Usability, and Workload

The effects of various notification design strategies on user experience were assessed

using metrics for usability, workload, and user preferences to get answers for RQ3. These

metrics provided crucial new information about how participants saw and interacted

with the various notification situations.

Participants rated the overall system favorably based on the SUS scores (except NoO

WA). However, these scores varied across notification conditions. The highest SUS score

was observed with the NoO WS condition. This finding aligns with the user-reported

preference ranking, where NoO WS was the most favored condition.
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A one-way ANOVA confirmed a statistically significant main effect of notification type

on SUS scores. Further analysis revealed that the NoO WS condition led to significantly

better-perceived usability compared to the NoO WA condition. The SUS scores for the

NoV and Control conditions were not statistically different from the NoO WS condition.

This might indicate that while the combined visual and auditory approach offered the

most optimal usability, visual-only notifications might be a viable alternative. No other

pair of conditions had a statistically significant difference. This could be because the SUS

scores are not sensitive enough to detect subtle differences in usability, or a learning curve

could have masked initial usability differences.

The NASA TLX scores did not reveal any statistically significant differences between

the notification conditions, suggesting that participants’ perceived workload remained

comparable regardless of the notification type received. This could indicate that the cus-

tomer service tasks in this study were not mentally and physically demanding enough to

elicit significant workload variations between different notification designs.

The user-reported preference rankings mirrored the usability findings. Participants

overwhelmingly favored the NoO WS condition, followed by NoV, Control, and NoO

WA. This alignment suggests that users found the most usable notification design (com-

bined visual and auditory) to be the most preferable. These findings highlight the po-

tential benefits of considering both visual and auditory cues when designing notification

systems for AR environments, particularly for tasks where high usability and user satis-

faction are crucial.

While both usability and user preference favored the combined visual and auditory

cues (NoO WS), even simpler notification designs (NoV and Control) achieved compara-

ble task completion. Perceived workload remained similar across conditions.
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5.5.4 Interviews

Participants were interviewed in follow-up sessions to better understand the user ra-

tionale and specific design aspects impacting user experience. A deductive method for

analyzing qualitative interviews was used to structure and analyze the interview.

The interviews corroborated the survey results. Participants overwhelmingly favored

the NoO WS condition due to its perceived clarity and efficiency. They explained that the

combination of visual notification on the object and the accompanying sound subtly drew

their attention away from the task at hand, minimizing the distraction from the primary

task. Participant 8 (P8) stated, “I’ll be focusing on some object, but when it is a sound, I will

sense that - Okay, there’s a new notification.” P16 echoed this sentiment, saying, “It let me

know what’s going on behind the scenes without intruding on what I was doing at the moment.”

In contrast, participants found the NoO WA condition to be the least favorable. Several

users reported that the arrow pointing to the object was distracting and blocked their

view momentarily, hindering their ability to see important details on the served object

itself. This aligns with the finding that NoO WA had a statistically significant slower

response time compared to NoV. P4 commented, “The arrows felt a bit overwhelming. It felt

like it was telling you to do a lot of stuff.” P12 offered a similar perspective, saying, “I think

they (arrows) were too big, but I think the main thing is when they piled on top of one another, I’m

like, I don’t even know where you are pointing anymore.”

The interviews revealed a divide among participants regarding the NoV visual no-

tifications and the arrows in the NoO WA condition. Some participants were able to

completely ignore or work around these notifications. P22 said, “I will just bend down so

that the notification went down, and then I would do the task. And it went away after 7 seconds.”

However, others found themselves easily distracted by the new information appearing

on the screen. P17 stated, “It’s (NoV notification) obstructing me from doing other things.”

Participants also offered valuable suggestions for improving the AR notification sys-

tem. They indicated that notifications could be made more dynamic, such as by incorpo-
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rating pulsating/ gradual change effects (P2, P16) or different color/metaphorical sounds

to enhance their ability to capture attention (P6, P17, P18, P26), especially in visually

cluttered environments. Additionally, participants expressed a desire for customization

options (P8, P19), including the ability to adjust notification frequency (P2), select which

stations trigger notifications (P15), and set notification priorities based on their individual

preferences and specific work contexts (P14).

These results can inform the development of future AR notification systems that are

not only usable and efficient but also customizable and adaptable to individual user pref-

erences and environmental factors, ultimately leading to a more satisfying user experi-

ence in AR environments.

5.5.5 Limitations

Although this chapter provides insightful information on the design of notifications in

augmented reality, it’s crucial to take into account the following limitations when inter-

preting the results. A simplified customer service scenario was used in the study. The

conclusion that multimodal notifications outperformed visual-only messages in terms

of performance might not apply to more difficult augmented reality tasks. Further re-

search needs to examine the influence of notification modality on user performance in

increasingly complex augmented reality settings. The lack of background noise in the

augmented reality environment could not accurately represent actual circumstances. Sub-

sequent research efforts might look into the impact of ambient noise levels on the audi-

tory notification experience of users and their overall work performance. Finally, there’s

a chance that measures of response times might have been affected due to the use of vo-

cal notification confirmation for data collection. Future studies may investigate alternate

techniques for gathering data, such as physiological assessments or eye tracking, in order

to offer more refined perspectives on how users interact with alerts.
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5.6 Conclusion and Future Work

This research sought to understand how notification design influences user experi-

ence within AR environments. By investigating the effectiveness of different notification

designs (Notifications on Object With Sound, Notification on Viewport, Notification On

Object With Arrow, and No Notifications), the study aimed to identify designs that pro-

mote efficient information delivery, minimize distraction, and enhance user satisfaction.

The research questions aimed to determine whether user performance could be main-

tained with visual-only notifications (RQ1), compare the attention-capturing capabilities

of different visual notification designs (RQ2) and evaluate user experience and prefer-

ences across these designs (RQ3).

The findings indicate that user performance remained consistent across all notification

types. This suggests that visual-only notifications do not hinder user performance com-

pared to multimodal notifications, aligning with the initial hypothesis. However, the lack

of significant difference between notification and no notification conditions highlights the

potential need for more cognitively demanding tasks to reveal the performance benefits

of notifications.

In terms of attention capture, participants acknowledged a significantly higher per-

centage of notifications with combined audio and visual cues (NoO WS) compared to

visual-only notifications guided by an arrow (NoO WA). Interestingly, fixed field-of-view

visual notifications (NoV) showed similar attention rates to both NoO WS and NoO WA,

suggesting their potential effectiveness in noisy environments where auditory cues might

be less effective. Response times were faster for NoV and NoO WS compared to NoO WA,

indicating that simpler visual notifications or those with audio support are more effective

in quickly capturing user attention.

As measured by SUS scores, user preference, and usability favored the NoO WS con-

dition, which also received the highest user preference ranking. The NASA TLX scores
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showed no significant differences in perceived workload across notification types, sug-

gesting that the tasks were not sufficiently demanding to differentiate workload impacts.

The study’s findings open several avenues for future research. Future studies could

explore more complex AR tasks that demand higher cognitive processing. This will help

determine if the benefits of visual-only versus multi-modal notifications become more

pronounced under greater cognitive loads. Further research could investigate optimizing

visual notification designs to enhance attention capture. Variables such as size, color,

animation, and placement within the AR environment should be explored to identify the

most effective configurations. Given the potential effectiveness of NoV notifications in

noisy environments, additional studies should examine their performance across various

noise levels and types. This will provide a deeper understanding of how ambient noise

influences the effectiveness of visual-only notifications. And lastly, moving from a purely

virtual world with all virtual objects to real-world object interactions is the most logical

next step. This can confirm if these results can be transferred to the real world.
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Chapter 6

Beyond the Wizard of Oz: Negative Effects of

Imperfect Machine Learning to Examine the

Impact of Reliability of Augmented Reality Cues

on Visual Search Performance 2

Figure 6.1: Snapshots of one trial (Left panel: Target image is shown to the participants to remem-
ber; Center panel: Participants search the 3D environment for the designated object, there may be
a cue or no cue depending on the trial condition; Right panel: selecting or rejecting the suggested
object

The research presented in Chapters 4 and 5 of this dissertation has established the

importance of well-designed notifications in AR environments. By carefully considering

factors like placement, modality, and user preferences, we can create notification systems

that effectively deliver information while minimizing disruption to the user’s primary

task. However, a crucial element of the user experience in AR goes beyond simply pre-

senting information – it’s about ensuring the information itself is reliable and trustwor-

2The content of this Chapter is identical to that presented in: A. Raikwar et al., “Beyond the Wizard of Oz:
Using Imperfect Machine Learning to Examine the Impact of Reliability of Augmented Reality Cues on Vi-
sual Search Performance,” 2023 IEEE International Symposium on Mixed and Augmented Reality Adjunct
(ISMAR-Adjunct), Sydney, Australia, 2023, pp. 437-438, doi: 10.1109/ISMAR-Adjunct60411.2023.00093
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thy. This is particularly true for AR applications that utilize visual search functionalities

to guide users towards specific objects within their environment.

This chapter delves into this critical aspect of AR user experience: the impact of im-

perfect cues on visual search performance. The research presented in this chapter has

already been published in the proceedings of the 2023 IEEE International Symposium

on Mixed and Augmented Reality Adjunct (ISMAR-Adjunct) titled “Beyond the Wizard

of Oz: Using Imperfect Machine Learning to Examine the Impact of Reliability of Aug-

mented Reality Cues on Visual Search Performance” by the authors Aditya Raiwkwar,

Domenick Mifsud, Christopher D. Wickens, Brendan Kelly, Amelia C. Warden, Benjamin

A. Clegg, and Francisco R. Ortega [1].

By including this published research within the dissertation, I aim to emphasize the

importance of understanding how imperfect cues, a common challenge in real-world AR

applications, can influence user performance and potentially lead to automation bias.

By acknowledging the limitations of current AR systems and the potential for imperfect

cues, we can develop more robust and reliable user interfaces that foster trust and efficient

interaction within AR environments.

6.1 Introduction

Visual search involves actively scanning through perceptual information to locate a

specific target. For humans in complex visual environments, the search process will be

effortful and serial [21–23]. Examples include a pilot scanning for potential hazards [78],

a radiologist searching for a tumor or fracture [79], and a quality inspector searching a

product for defects [80, 81]. In such real-world visual search settings, delays and errors

in identifying targets can have profound implications. Support for visual search is pos-

sible through the use of Augmented Reality (AR) Head-Mounted Displays (HMDs) to

cue individuals to targets identified through machine learning solutions. Users can see

cues to target objects in relation to their real-world surroundings, which could be neces-
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sary for finding objects that might be outside their current field of view, hidden from a

certain angle, or behind other things. Cues can provide essential contextual awareness,

giving users a sense of where objects are located within their surroundings. In addition,

these cues contribute to effective navigation and reduce the cognitive load associated by

helping users perceive spatial relationships [82]. By enhancing immersion and increasing

efficiency, visual cues serve as invaluable guides for visual search tasks in complex task

environments, ensuring that users can quickly and accurately locate objects.

While benefits to both latency and accuracy from AR cues in visual search situations

have been shown [83, 84], examining the impact of errors in the cues provided on per-

formance is vital. Even where automated systems might outperform human operators

in recognizing and recording the locations of targets, errors within such systems are still

possible. In exploring the impact of imperfect cueing, Warden et al. found that when

given correct arrow cues to the location of a target, as expected, participants were faster

and more accurate in a visual search task [85]. However, incorrect arrow cues also pro-

duced higher error rates and longer search times than the uncued cases. This cost to

accuracy suggests that participants were over-relying on the visual cues. Such work un-

derlines the value of understanding how dependent users are on signals and how their

performance is affected by imperfect signals. The choice of cue to deploy in a particular

context ultimately might be determined not only by the magnitude of the benefits they

provide when correct but also by the ability of humans to recognize when the cues are

incorrect and overcome the tendency towards automation bias [86]. Automation Bias is

a cognitive bias that people employ during decision-making when they rely on decisions

and inferences of automation rather than seek information to make their own judgments

and decisions [24].

Previous studies on visual cues, such as Warden et al. [85], used a Wizard-of-Oz (WoZ)

approach to set up the detrimental effects of imperfect cues on user search performance.

Such work offers valuable initial insight into the impact of incorrect cues on the accuracy
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of finding the target. However, human-specified errors in such systems introduce an es-

sential limitation to the potential generalization of the findings. Errors can be determined

either randomly – with incorrect cues occurring on a specified fraction of trials and direct-

ing people to a randomly selected incorrect distractor location; or systematically based on

human input – with incorrect cues happening for ’‘hard” or ’‘easy” targets, and/or cues

directing operators to distractors that are ’‘similar” or “dissimilar” to the actual target.

The issue this creates is that whichever path is chosen to create the imperfect cues, actual

errors from machine learning could be very different. Humans are able to correlate dif-

ferent variables even when those variables aren’t present in the dataset, while machines

can’t do that, leading to different errors.

Evidence that the types of representations developed through deep learning differ

from human representations (see for example, [87]), that humans and machines make dif-

ferent types of errors [88, 89], and attempts to offer additional insights into the machine

learning recommendations through aspects like explainable Artificial Intelligence (AI) to

reduce automation bias (e.g., [90]), all point to an array of potential mismatches between

humans and automation. Such differences create ways in which imperfect cues gener-

ated within a machine learning system could diverge from evidence produced through

WoZ scenarios. In addition, a machine learning system working in real-time has the po-

tential to change the cued location as it obtains more information and updates its pre-

dictions. The influence of varying locations being cued through a single search, which

provides a further source of information about the potential unreliability of the cue being

offered, adds an additional justification to explore actual machine learning-driven cues

rather than just simulated versions of them.

In this paper, we implemented a real-time object recognition system using a machine

learning (ML) algorithm. We analyzed whether the results from visual cues from such

a system differ from prior WoZ approaches. For this, we used an arrow as a visual cue

to point out the objects. This also helped us gain insight into automation bias in ML.
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The expected consequences of automation bias are that people fail to respond to criti-

cal information or follow the aid (i.e., cues) when it is wrong. This bias is pervasive

in situations where people trust technology to be more accurate and efficient than hu-

man judgment [24]. The findings are especially relevant in safety-critical applications

where automation bias can lead to errors or overlooked information. For example, in au-

tonomous vehicles, medical diagnosis, or aviation, understanding how users respond to

automation cues is crucial for system design and training.

Our research aims to address the convergence of human performance and computer

technology in cued search by (1) examining the effects of visual cues for searching in AR

HMDs and (2) considering the imperfections of automation, such as vision-based AI, that

may make the AI-based cueing imperfectly reliable. The visual cues are displayed on the

near-field, e.g., within arm’s reach. The far field is where the target objects are located

(about 1 meter away from the user). The distinction between near- and far-field refers

to the positioning in the real world, not the display on the video pass-through headset.

Refer to Figure 6.1 for step-by-step visuals of a single trial.

The contributions of this research paper include:

1. Increasing the external validity given a more realistic scenario compared to a WoZ

study for real-time AR HMDs cueing using ML during a visual search task prevalent

in this type of research.

2. Demonstrated that the automation bias is high when using a visual cue. Due to the

higher reliability of the imperfect visual cue, the magnitude of automation bias was

greater using ML than in the WoZ study.

3. Demonstrated that the automation bias in WoZ studies of AR HMD cueing is repli-

cated when using an AR HMD system using ML.

4. Released open-source code and ML training dataset (https://github.com/NuiLab/

ML-Imperfect-Cueing), the dataset, and the ML methodology used to train blocks
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using virtual objects as opposed to pictures. We hope this will help researchers

replicate studies and conduct other studies related to visual search.

6.2 Related Work

The time required to perceive and interpret a particular cue is denoted by its Cue

Effectiveness Value (CEV) [91–94]. The CEV considers the time needed to perceive and

interpret a cue and orient attention from the cue to the cued target. This is an essential fac-

tor to consider when the aim is to reduce the search time using the cue [91–95]. CEV can

be predicted and modeled by understanding the cognitive processes involved in visual

search. Based on previous studies [66, 85], we have selected an arrow as the cue that ben-

efits visual search performance the most. One crucial factor influencing these processes is

whether the cue is exogenous or endogenous [93, 95]. An endogenous cue provides infor-

mation about the target’s location but does not appear at that location itself. For example,

an image of the target cue that represents the target’s appearance but does not directly in-

dicate where attention should be directed is an endogenous cue. In contrast, an exogenous

cue directs attention to the target’s location, such as a flashing highlight near the object in

the world (can be presented on an HMD). Exogenous cues have limitations of only being

effective if the target is located in the field of view and may distract individuals when

they are not actively searching for that specific target. We used an arrow cue to direct

attention to the objects to overcome these limitations. We used an arrow because it can

point to objects outside the field of view and is not as distracting as a flashing light. These

types of cues can be referred to as world-referenced.

The design of AR HMDs can utilize world-referenced cueing and enables the creation

of exogenous cues independent of the head’s orientation. This cueing method involves

placing a cue on an HMD to constantly overlay or point directly at the target, regardless

of how the head is turned. This is achieved by presenting the cue on the display in world-

referenced coordinates, which are continuously updated on the display as the head moves
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horizontally or vertically. In the present investigation, we used this type of cue in the form

of an AR arrow that consistently indicates the direction of the target.

It is essential to consider the user’s prior knowledge about the search target, as de-

tailed information regarding the target may impact visual search tasks. In some cases,

a user may only have general knowledge of the target, such as hazards [78] or physical

injury [79, 96], which require the user to identify something that may warp or change on

a case by case basis. In other cases, the user may have greater knowledge about a target

or may have been prompted to search for a specific target. This may be a pedestrian [97],

which may differ in some regards but have common, well-known attributes, office tools

or supplies [98], or specific virtual geometries [99]; all of which vary to a lesser degree.

The cues used in previous studies, e.g., [66, 99], were always accurate, but in real-

world situations, cues are generated through automation inferences based on what the

system considers the target. Computer vision using ML algorithms can achieve this by

comparing the features of each object in the search field, like humans, with a template of

what the true target looks like. However, like many other functions of automation, this

inference is not always accurate, as various factors such as lighting conditions, pattern

complexity in the search scene, and the reliability of the machine-vision system can affect

and degrade its performance [100–105].

The imperfect reliability of automation has significant implications for human perfor-

mance. Imperfectly reliable automation can impact how much humans rely on the au-

tomation’s decision of what should be attended to, and researchers have examined these

factors in relation to human trust in imperfect automation [101, 102, 106, 107]. Several

studies have specifically examined this issue in the context of visual search and target cue-

ing, suggesting that cueing benefits are reduced as reliability is reduced [103–105,108,109].

Although Mifsud et al. [109] have conducted a study closely related to visual cues, only

Yeh et al. [110], and Warden et al. [85], to our knowledge, have done so in the specific

context of AR HMD target cueing (without the use of ML).
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The above research has yielded two critical findings regarding human reliance on im-

perfect automation. First, a vast amount of research in human-automation interaction

has examined the consequences of imperfectly reliable automation (see [100, 102, 111] for

a summary). Such research has typically revealed that many participants follow automa-

tion’s advice or attention guidance infrequently when automation is wrong, referred to

as the automation bias [24]. Some research suggests that the automation bias is partic-

ularly prevalent because the guidance is offered in highly realistic AR format [109]. In

the cueing work from Warden et al. [66], the search guidance cues were 100% reliable. A

follow-up study examined the automation bias by conducting an experiment that used

WoZ [85]. The study used WoZ methodology to examine the impacts of unreliable cues,

which suggested that people exhibit an automation bias in visual search using AR HMDs.

Three cues were provided: a mini-map, an icon image, and an arrow pointing to the ob-

ject. The more realistic cue (i.e., the arrow cue) exhibited the highest automation bias.

With this in mind, we designed the current study presented here to look at automation

bias using real-time ML (i.e., no WoZ) to understand if there were differences, given the

lack of control in the accuracy of the ML using the arrow cue.

Moreover, it has been found that the impact of cue imperfections can vary depending

on the type of cue used. Specifically, the more reliable an AR cue is, the more it can assist

users when correct. But it can also lead to more significant human errors caused by the

automation bias when it is wrong. This prediction is somewhat supported by research on

imperfect AR target cueing, which presented an 83% reliable cue pointing to a potential

target object [85]. The study found that the AR HMD world-reference ego-centric (i.e.,

a cue that encodes the location of a target with respect to the viewer) arrow cue was

more effective when the cue was correct, but more problematic when the cue was wrong,

suggesting that the more immersive and world-referenced cue amplified the automation

bias. This tendency is consistent with the notion that a more immersive cue leads to

increased attentional tunneling [112, 113] ignoring the raw data in the real environment
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outside the HMD. Supporting this causal assumption, researchers have found that AR

HMD cueing reduced the detection of other non-cued but high-priority threats in the

scene [110, 112].

As stated above, our work differs from previous work, including recent findings from

Warden et al. [66, 85], which used the WoZ method. In this paper, we used an ML al-

gorithm for external validation to investigate the negative effects of imperfect visual

cues. Additionally, our research addresses a longstanding inquiry concerning the WoZ

method’s efficacy in the context of visual cues. Additionally, we showed that ML algo-

rithms produce a higher automation bias than the WoZ method.

6.3 Methodology

6.3.1 Hypotheses

We hypothesized that the interaction of the exogenous type of cue and the impact of

cue imperfections would be significant, such that the benefits of cues would be greater

for participants in the perfect automation condition compared to those in the imperfect

automation condition. Overall, this design allowed us to test multiple hypotheses and

explore the effects of automation quality and cues on human visual search.

H1 The addition of cues (perfect/imperfect) produces higher accuracy performance

relative to the control condition with no cues. When a visual stimulus is available

on the screen, the participants will pay attention to it, especially when it is generated

by computers. This will increase participants’ awareness, and they reach higher

accuracy [114].

H2 The addition of cues produces lower response times (i.e., users will find them

faster) relative to the control condition with no cues. The stimulus directs the

attention of the users towards the target, reducing the search time.
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H3 The benefits of imperfect cueing will be restricted to the frequent occasions when

the cue is correct. In rare trials, when the cue is wrong, performance will be worse

than when there is no cue at all. Previous studies showed that users tended to

follow the instructions and assistance provided by ML [115]. When there is an error

in the ML algorithm, it will take time for users to realize that the system failed, and

they must change their decisions. This process would decrease the overall search

performance.

6.3.2 Participants

A total of 53 participants attended our studies. Each participant was assigned either

of 2 conditions (perfect or imperfect cueing). There were 25 participants (17 male, 7 fe-

male, and 1 non-binary) with imperfect cueing and 28 (16 male, 12 female) with perfect

cueing. Participants consisted of students and staff from Colorado State University, as

well as people who were not affiliated with the university. There were 47 participants

still studying at a university. The participants’ ages ranged between 18 and 55 (M = 25.77,

STD = 7.63). Among the 53 participants, 78.15% of the people reported that they didn’t

play any games regularly, and 84.62% of participants had either used AR or VR in the

past. Participants received compensation in the form of $20 or class credits. None of the

participants had participated in a prior study of cueing in our lab. All participants had

normal or corrected-to-normal vision. This study was approved by the university IRB.

6.3.3 Materials

Participants completed the experiment using the Varjo XR-3 [116] video pass-through

AR HMD. The Varjo XR-3 headset can display 3D content over a 90Hz video feed of the

real-world environment taken by the headset’s cameras. The field of view (FOV) of the

device is 115° by 90°. The Varjo XR-3 was selected due to its FOV. To track the objects,

an OAK-1 [117] camera was mounted to the front of the Varjo XR-3 (see Figure 6.2). The

OAK-1, developed by OpenCV [118], has dedicated hardware for running neural net-

83



Figure 6.2: OAK-1 camera mounted on XR-3.

works on the device and has a field of view of 68.8° by 42.75°. The camera weighs 53.1g

with dimensions of 36 by 54.5 by 27.8 mm and did not block the Varjo sensors. The neural

network used was YOLOv5-Nano, which was trained from scratch on a synthetic dataset

of 40,000 images. The synthetic dataset was created in Unity 2020.3.27 using 3D models

of the 40 target objects + 3 practice objects. The study software was developed on Intel

core i9-9900K 3.60GHz, 64GB RAM, and RTX 2080Ti graphics card.

6.3.4 Machine Learning for Imperfect Cueing

A convolutional neural network called YOLOv5 [119] was trained on a fully synthetic

dataset with 43 classes. These 43 classes were the target objects (3 practice objects and

40 trial objects). The model never saw a real picture of the targets it searched for until
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the classification phase. The system used for real-time object detection is YOLOv5-Nano

due to its speed and ease of deployment on the OAK camera [117]. The external camera

is used to capture the scene, perform neural network inference on the device, and then

finally send the coordinates of the objects to the headset. The frames captured by the

camera are first down-scaled to 576 x 374 before being sent to the model for inference.

Figure 6.3: Tweaking different parameters A. Not being exposed to all blocks at once, B. confusing
background images in the training set, C. not enough lighting in the training set.

40,000 synthetic images were generated using a custom Unity program. The program

took 3D models of target objects as input. It created a dataset consisting of images of these
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models in different orientations and with different backgrounds. The ability to tweak

specific parameters allowed us to test subjects’ responses to different errors created by AI

such as not being exposed to all blocks at once (see Figure 6.3A), confusing background

images in the training set (see Figure 6.3B), or not enough lighting in the training set (see

Figure 6.3C). The objective was to have a classification accuracy of at least 83% with the

understanding that in a live system, this would never be constant. During the study, the

average recognition across all the subjects was 88.9%. The recognition rate reported is the

rate observed during actual trials, not during the testing phase.

Figure 6.4: a. Head-level view from behind a participant; b. Top-level view from behind a partici-
pant; c. Example object used in the study.

The model took in 30,000 training images. The remaining 10,000 images were used

as validation images. The model was trained for 3 hours over 300 epochs. Neural net-

work inference on the OAK camera took 49.5ms on average (3.4ms Std Dev). Because of

this, we limited the speed of the camera to 20fps. The data is sent over sockets from the

OAK camera to Unity, where it is rendered for the headset. This process takes around

10ms, so there is very little delay on the system. The decision for YOLOv5 was to have

a real-time recognition system that would be able to run in the computer described in

Subsection 6.3.3.

During the actual experiment, the model continuously ran the detection algorithm.

This meant that if initially, the model predicted the wrong location for the target object, it
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would correct itself if the user looked in the correct direction (i.e., the object is in the FOV

of the camera). Pilot tests were conducted to check the accuracy of the model.

The coordinates of each object in the 3D environment were stored in the system at

the start of the experiment. When the ML algorithm detected the target object in the

frame, the location was projected out of the frame in the forward vector direction onto

the 3D environment. This gave an approximate position of the target image. Since the

coordinates of each object are stored in the system, the closest coordinate was selected as

the target object. A threshold of 13 cm in the 3D environment was selected based on pilot

study data.

6.3.5 Task

Participants completed a visual search task in 3D space in which they were asked to

locate real-world objects (Mega Bloks [120], as shown in Figure 6.4b.), with and without

the aid of a target cue presented via the Varjo XR-3 AR HMD video-pass through. Partic-

ipants were told in the instructions that the system is not 100% reliable and may fail and

that they should confirm the suggestion presented by the system. Each trial consisted of

three steps (see Figure 6.1):

1. Target image is shown - an image of the target object is shown to the participants,

and they press a button to continue when they feel comfortable recalling the object.

2. Searching - participants search the 3D environment for the designated object; there

may be a cue or no cue depending on the trial condition.

3. In case of cue condition, selecting or rejecting the suggested object by the cue and

searching for the target on their own. The target cue condition consisted of a 3D

arrow pointing to the target object’s location in 3D space.

The forward vector on the headset is the cursor. When no cues were presented, the

center of the screen had a red dot representing the cursor. The red dot is replaced by cues
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in the cue conditions. When the participants looked at an object, the cursor changed to a

circle enveloping the object. The participants held a Vive controller whose trigger button

was used for selecting the target. The circle indicated that pressing the trigger would

select the object. The red circle represents the system’s predicted target. An ML selection

was considered as rejected when the participants did not select the suggested object.

This was a mixed-subject design where the groups were split based on different levels

of cue reliability (between subjects), and each group had two conditions, cue versus no

cue (within-subjects, repeated measures). The two levels of cue reliability were: 1) the

locations of all objects were known, and the cue always pointed at the correct object, and

2) the objects were located using ML and had an average accuracy of 88.9%. Participants

did not receive a cue to help find the target object for the no-cue condition (i.e., the control

condition). Thus, participants in the two groups had identical experiences in the no-cue

condition. The search field of the room incorporated 180° surrounding the participant

when looking forward from the chair in which they were seated. A total of 40 potential

target objects + 3 practice objects were uniformly distributed across the 180° search field

in the horizontal direction and approximately 15° in the vertical direction relative to the

chair. Objects were placed at three different height levels as shown in Figure 6.4: ground,

table, and shelf level (separation between levels was 28in).

6.3.6 Design and Procedures

First, participants signed consent forms and verified their vision. Before starting the

experiment, the participants were asked to complete a pre-experiment survey. Next, par-

ticipants were seated in the middle of the room and assigned either cue with ML or perfect

cueing. Every participant was assigned the condition of no cues. The participants com-

pleted three practice trials. Participants were presented with either cue or no cue in blocks

of 40 trials. The order of these two blocks was counterbalanced across participants. The

40 trials within each block presented 40 different target images in random order. Once the
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practice trials were done, participants had to find 40 target objects. After attempting to

find all 40 objects, the next condition was presented (if a cue was presented first, then no

cue for the second condition and vice versa.) In the two blocks, the 40 target objects were

the same (40 objects with no cue condition and the same 40 objects with cue condition).

In the end, the participants were asked to complete a post-experiment survey. The entire

experiment consisted of 86 trials and lasted approximately 35 minutes.

6.4 Results

This study employed a 2 (cue reliability level) x 2 (cue condition) mixed analysis of

variance (MANOVA) design to explore the effects of automation reliability on perfor-

mance and response time. Specifically, the design included two within-subject conditions

of cued and not cued and two between-subject conditions of perfect and imperfect au-

tomation cueing. The within-subject factor of cued or not cued refers to whether or not

participants were given a cue to locate the objects. The cue was intended to guide par-

ticipants toward more accurate performance. Automation reliability for imperfect condi-

tions was significantly lower than perfect conditions (t(51) = 8.03, p < .001; mean perfect

automation = 100%, mean for imperfect automation = 88.9%).

6.4.1 Accuracy

The effects of cue reliability and cue condition on the accuracy of finding the objects

are shown in Figure 6.5. The data was normalized from 0 to 1 (e.g., 0.9 represents 36

correct selections out of 40) on the y-axis. The x-axis has 4 conditions grouped into 2

groups: ML cues and perfect cues. Each of these groups has 2 conditions, with cue and

without cue.

A mixed model ANOVA on these data revealed that there was a significant benefit

of cueing (Wilks’ lambda = .67, F(1,51) = 24.83, p < .001), (No Cue: M = 89%; Cue: M =

95%). This effect supports H1, “The addition of cues (perfect/imperfect) produces higher
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Figure 6.5: Percent accuracy of finding the target when the cues are presented (Blue) vs. no cues
(Orange); Different cue conditions (ML vs. Perfect Cue); The bars are standard error bars.

accuracy performance relative to the control condition with no cues.” The ANOVA also

revealed a significant effect of Groups (F(1,51) = 4.07, p < .05).This effect can be further

understood in the context of the highly significant interaction between cueing and groups

(Wilks’ lambda = .76, F(1,51) = 16.15, p < .001). The interaction revealed no difference in

accuracy between the two groups in no cue search but a large cueing benefit for the perfect

(M = 98.7%) over the imperfect (M = 90.7%) in cued search (t(51) = 4.98, p < .001). This

result supports H3, “Imperfect cueing automation negatively impacts the overall search

performance due to high erroneous searches by humans on those imperfect trials.”

When comparing accuracy with imperfect cues (M = 90.7%, SD = 2.85) vs. no cues (M

= 89.6%, SD = 3.16), there was no significant difference (t(24) = 1.05, p = .31). On the other
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hand, for the perfect cueing group, accuracy with the cue (M = 98.75%), was significantly

higher than with no cue (M = 88.48%; t(27) = 5.3, p < .001). Thus, the cueing benefit to

overall accuracy was only observed when the cue was perfect.

Although there was a relatively large number of unique items to search for, one ques-

tion is whether performance changed as a function of encountering search for the same

objects twice across the experiment. Here we looked at changes in performance from

Block 1 to Block 2, which includes both potential changes from a second exposure to

items in the search task as well as any changes in general task learning across the session.

When comparing the accuracy of finding objects, aided by imperfect cues, in Block 1 (M

= 90.4%, SD = 2.82) compared to Block 2 (M = 89.9%, SD = 3.19), there was no significant

difference (t(24) = 0.23, p = .82). When comparing the accuracy of finding objects, aided

by perfect cues, in Block 1 (M = 94.28%, SD = 4.25) compared to the Block 2 (M = 92.95%,

SD = 2.61), there was no significant difference (t(27) = 0.49, p = .62). Given that there

was no evidence in this analysis of changes across the experiment, this is congruent with

viewing the specific Lego Block shapes twice did not have any significant influence on

performance.

6.4.2 Response Time

Response time for the four conditions is plotted in Figure 6.6. A corresponding MANOVA

to that carried out with accuracy revealed a main effect of faster responses for cued trials

(M = 5.9s) than without (9.4s) (Wilks’ lambda = .43, F(1,51) = 66.67, p < .001). This effect

supports H2, “The addition of cues produces lower response times relative to the control

condition with no cues.” There was also a significant difference between the two groups

(F(1,51) = 9.87, p < .005, partial eta squared = .16); however, as with accuracy, this differ-

ence can best be interpreted in the context of the significant interaction between the two

variables (Wilks’ lambda = .68, F(1,51) = 23.81, p < .001). Here, pairwise comparisons be-

tween response time in the no-cue conditions (the two orange bars in Figure 6.6) revealed
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no difference, but between the cued trials, more rapid responses were seen for those who

had a perfect cue (M = 3.74s) compared to those for whom the cue was imperfectly reliable

(M = 9.2s) (t(51) = 4.90, p < .001).

Figure 6.6: Response times of finding the target when the cues are presented (Blue) vs. no cues
(Orange); Different cue conditions (ML vs. Perfect Cue); the bars are standard error bars.

When comparing response time when imperfect cues were presented (M = 8.31s, SD =

3.98) vs. no cues (M = 9.67s, SD = 4.57), there was a small but significant benefit of cueing

(t(24) = -2.12, p < .05). In contrast, when presented with a perfect cue (M = 3.74s, SD =

1.49) vs. no cue (M = 9.16s, SD = 2.18), there was a large and significant benefit of cueing

(t(27) = -10.13, p < .001). Thus, the cueing benefit to overall RT was observed for both

perfect and imperfect cued conditions.
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Although there was a relatively large number of unique items to search for, one ques-

tion is whether performance changed as a function of encountering search for the same

objects twice across the experiment. Here, we looked at changes in performance from

Block 1 to Block 2, which includes both potential changes from a second exposure to

items in the search task as well as any changes in general task learning across the session.

When comparing the response time of finding objects, aided by imperfect cues, in Block

1 (M = 9.07 sec, SD = 5.06) compared to Block 2 (M = 8.91 sec, SD = 3.47), there was no

significant difference (t(24) = 0.23, p = .81). When comparing the response time of finding

objects, aided by perfect cues, in Block 1 (M = 6.02 sec, SD = 3.33) compared to Block 2 (M

= 6.88 sec, SD = 3.18), there was no significant difference (t(27) = 0.74, p = .47). Given that

there was no evidence in this analysis of changes across the experiment, this is congruent

with viewing the specific Lego Block shapes twice did not have any significant influence

on performance.

6.4.3 The Speed-Accuracy Trade-off Function

The combined effects of imperfect cueing on accuracy and response time – that is, on

overall performance as stated in H3 - are represented in the speed-accuracy trade-off space

in Figure 6.7. Within the figure, high performance (high accuracy, fast responses) can be

seen in the upper left region, while poorer performance is in the lower right corner. Fig-

ure 6.7 first illustrates, with high prominence, the general equivalence in both measures of

the no cue condition, the two circled points. Thus, any concerns about fundamental dif-

ferences in search performance abilities between the two populations are eliminated. The

differential impact of cueing on the two groups is illustrated by the two arrows. When

the cues are perfect, their benefit to both dimensions of performance is pronounced, as

illustrated by the long dashed orange arrow pointing to the upper left in Figure 6.7. But

for the imperfect cueing group, with this relatively small drop in cueing reliability, from

100% to 88.9%, the cues’ benefit to accuracy is eliminated, and its benefit to processing
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Figure 6.7: In the speed-accuracy trade-off space, the combined impacts of imprecise cueing.

speed, while not eliminated, is greatly reduced, as illustrated by the short dashed blue

arrow.

6.4.4 Automation Bias

Section6.1 described automation bias as the tendency to automatically follow the au-

tomation’s recommendation (here, regarding where the target is). For statistical reasons,

this tendency is revealed most clearly by examining participant responses when automa-

tion is wrong.

In Figure 6.8, we have used the same speed-accuracy space as in Figure 6.7, to depict

the automation bias observed in the current data for the imperfect automation group. In

the upper left is depicted the excellent performance when the cue was correct. In the

lower right is the performance when the cue was wrong. The figure reveals the large and
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statistically significant loss in accuracy from 88.3% to 33.1% (t(23) = 8.15, p < .001) as well

as the large increase in response time, from 7.3s to 16.32s (t(25.7) = 5.04; p < .01).

Collectively, both of these effects further confirm H3 “Imperfect cueing automation

negatively impacts the overall search performance due to high erroneous searches by hu-

mans on those imperfect trials.” Not only does performance suffer on all search trials with

imperfect automation cueing, as shown in Figure 6.7, but time and accuracy performance

is particularly reduced when automation errors and the wrong object are cued.

Figure 6.8: In the speed-accuracy trade-off space, automation bias.

The finding of the response time delay when automation is wrong illuminates the

cognitive strategies employed by the participants. This delay indicates participants did

not always “blindly follow” the automation recommendation. Rather, when they saw
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a cue they thought was wrong, they tried to figure out the correct target (based on their

imperfect memory of the image viewed at the beginning of the trial) but failed. Following

that, they followed the automation recommendation nevertheless. This whole cycle took

them an additional average of 11.4s.

The two strategies to be followed when the cue is wrong would seemingly produce

a different pattern of effects of response time and accuracy. “Blindly following” (the au-

tomation bias) would keep response time at its very short value typical of the control

condition (8.3s) or the cue-correct condition (7.3s), and produce a near 100% error rate. In

contrast, noticing the error and triggering a “re-search” for the correct target would pro-

duce this prolonged delay. Accuracy would be improved but would be far from perfect

because, by this time, the participant’s memory of what the true target looked like would

be degraded. We cannot estimate the proportion of trials on which each of these two

strategies was deployed, nor the extent to which different participants or different trials

for the same participant contributed to this difference in strategy choice, as this study was

not intended for such analysis.

6.5 Discussion

The present study investigated the impact of cue reliability on the accuracy and re-

sponse time during a visual search task presented in an AR environment. It was hy-

pothesized that the addition of cues would produce higher accuracy performance (H1)

and lower response times (H2) compared to the control condition with no cues consistent

with the prior findings of [24,109]. The study results provided partial support for the two

previously presented hypotheses. Specifically, when the cue was consistently accurate, it

significantly improved both speed and accuracy. However, in the case of imperfect cues

(as observed in the ML condition), there was a significant benefit only to speed (reduced

RT) but not to accuracy. Furthermore, the study also revealed that search performance is

highly impacted by imperfect cueing automation. This was shown both by the lower per-
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formance and particularly longer time with imperfect-than-perfect cueing and by highly

erroneous searches by participants on the trials when automation was wrong.

A task that required the integration of near domain (display cue) information with far

domain (search field) information supported a 5.95% increase in the performance (accu-

racy) of searching for the target objects. The study’s first hypothesis (H1 - “The addition

of cues (perfect/imperfect) produces higher accuracy performance relative to the control

condition with no cues”) was supported, as the addition of cues produced higher accu-

racy performance relative to the control condition with no cues. The use of cues can guide

participants toward more accurate performance and lead to faster response times. This

finding is consistent with previous research that has demonstrated the efficacy of AR cues

in improving visual search performance (e.g., [109, 110]).

In comparing the different groups, there was only a 1.1% increase in accuracy perfor-

mance when the cueing was not reliable. The observation that imperfect cues did not

enhance accuracy could be explained by participants harboring doubts about the relia-

bility of these cues. In such instances, they opted to rely on their own flawed perceptual

judgment instead. In the case of perfect cue vs. no cue condition, we saw an increase

of 10.27% in accuracy performance with the perfect cue. Looking at the mean accuracy

performance of the group with perfect cues (M = 98.75%), the results suggest that when

cues are perfect, the users tend to follow the cue. The participants who did not perform

perfectly were probably influenced by the statement in the instructions about the system

not being completely reliable. So, when they may have encountered objects they were

unsure of, their trust in the system wavered.

The study’s second hypothesis (H2 - “the addition of cues produces lower response

times relative to the control condition with no cues”) was fully supported, as the addition

of cues produced lower response times relative to the control condition with no cues.

Participants who received cues responded (found the objects) significantly faster than

those who did not receive cues. The use of cues can guide participants to find objects
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more rapidly. This finding is also consistent with previous research that has shown the

efficacy of AR cues in reducing response times in visual search tasks (e.g., [66]).

Regarding H3 – “The benefits of imperfect cueing will be restricted to the frequent

occasions when the cue is correct. In rare trials when the cue is wrong, performance will

be worse than when there is no cue at all.” – there was an increase of 5.42s in response

time when the cueing was not reliable. Such an increase observed is attributable to two

factors: (1) the large increase in 11% of the trials when the automation was wrong (see

Figure 6.8), associated with double checking the ML-inferred target, and (2) the general

slowing on all trials, associated with the appropriately increased caution by participants

who realized the imperfection of the cueing automation. Hence, our hypothesis H3 was

supported.

The use of ML can simplify a lot of tasks and may be essential when the precise na-

ture of the target cannot be specified in advance, but the reliability of such ML is not

perfect. While ML can be a powerful tool for automating the detection of target objects, it

is important to consider the potential for error. In this study, the average error of the ML

model was 11.1%. Looking at just the accuracy of searching for the target, we may be able

to interpret that the participants were blindly following the cues presented by the system

in most cases (88 out of 112), even when we told each participant that the system may fail

regardless of the condition (i.e., perfect vs. imperfect). This led to similar results between

the imperfect cue and no cue conditions. But by exploring the results from their response

times, we can paint a different picture. There was an increase in response times when the

cue was wrong. The participants were able to figure out that the cue provided was false

and started looking for the correct target. Some participants found the correct target after

that, but most failed. This additional search took, on average, an additional 5 seconds.

Another interesting analysis is how our study compared the recent findings of incor-

rect cueing using WoZ by Warden et al. [85] to a new system with real-time ML cueing.

Our study used a Varjo XR-3 AR video pass-through, which has a much bigger FOV com-
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pared to Hololens 2 used by Warden et al. [85]. Another difference is that we used a

higher ML accuracy rate of 89% versus a lower accuracy (yet constant by using WoZ)

of 83% accuracy. The procedures and participant population demographics were similar

between the two studies. Human performance accuracy with the imperfect cues there

was 92%. Using our approach with real-time ML was 90.7%. In both studies, the mean

response time in the imperfect cueing condition was approximately 8 seconds.

Most critically, the drop in accuracy when the cue was wrong, reflecting the automa-

tion bias, was large and highly significant in both studies: a drop to 15% was reported

by Warden et al. [85] compared to 31% of our study. This underlines that a real system

not only reproduces the automation bias from a WoZ study but, in this case, is worse.

Another analysis was the response time on those automation error trials; both studies

also revealed a lengthening, indicating that participants did not just blindly follow the

incorrect automation guidance.

Furthermore, these results support the WoZ methodology as a reliable experimental

approach for studying user interaction. It suggests that the controlled environment of

WoZ experiments can accurately simulate real-world interactions, indicating the robust-

ness of this method. We remain highly confident that additional research with ML cueing

will continue to produce a pattern of results that are essentially equivalent to those where

the cueing error is experimentally imposed (i.e., using WoZ) when the accuracy is around

83% [85, 110].

6.5.1 Limitations

Although the study used different shapes and color combinations of the Mega Bloks™,

making them easier to distinguish from the natural environment, a study with actual ob-

jects that belong to the environment contextually may provide further insight (e.g., a pen

in a home office). Another limitation concerns the ecological validity of the study. Many

cases of cued search in the real world do not require comparing objects with an image to
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be detected. For instance, airport agents scanning luggage for a weapon are not compar-

ing items with an image to be detected; rather, they have a long-term memory representa-

tion of what a typical weapon may be. Yet, the objective of our study was to search items

to which participants have had no previous exposure, and the current population had

not participated in the prior study of Lego block search [85]. Also, we did not use experts

in visual searches, such as radiologists personnel. Future work may examine the effects

of AR cueing with visual search experts. Finally, while the study may improve external

validity by using a real-time ML system for visual search, it limits its internal validity

due to the classification accuracy of the ML model presented to each participant varied

by a small number. In a WoZ study, the classification accuracy is kept constant. However,

as described in the Result and Discussion Sections, our study validates the control WoZ

studies done by other researchers (e.g., [85, 110]), which also allows for rapid prototyp-

ing and iterative design, potentially saving time and resources during the early stages of

research and application development.

6.5.2 Design Implications

The study has several implications for the design of cueing systems in visual search

tasks. First, the study highlights the potential benefits of using cues to improve search

performance and reduce response times, which can inform the design of user experi-

ences. Our results can be used in real-world applications, and developers can create more

intuitive and user-friendly interfaces.

However, the study also highlights the potential risks associated with imperfect au-

tomation, which can negatively impact overall search performance. To mitigate these

risks, designers of cueing systems should consider the reliability of the automation and

provide clear feedback to users on the reliability of the cues.
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Additionally, designers should consider the potential for automation bias and design

cues that encourage users to actively engage in the search task rather than relying solely

on automation.

Finally, the study has implications for the use of ML in the design of cueing systems.

While ML can provide a powerful tool for automating the detection of target objects, it

is important to consider the potential for error and design cues that take into account the

limitations of ML systems.

6.6 Conclusion and Future Work

The presented research study provides insightful information on the potential benefits

and risks of using cues to improve visual search efficiency. This is in the context of im-

perfect automation. The study emphasizes the necessity for cueing system designers to

carefully evaluate the reliability of automation. Taking this into account, they can develop

cues that motivate users to actively participate in the search task. The study emphasizes

the potential for ML as an effective tool for automating the identification of target objects.

However, it also emphasizes the necessity of considering limitations and the potential for

errors when in the design of cueing systems.

In future work, the study may be expanded to look at different objects (real-world

objects that contextually belong to the environment) and add walking to the search. In

addition, introducing multiple target objects and multiple cues may present interesting

findings. For example, if you have two cues, is it possible to decrease automation bias? We

believe that this may be possible through a combination of cues that further increase the

trust and reliability of the systems being used and, therefore, increase user performance.

It will also be interesting to investigate how predictive cue information influences user

trust when guiding through a sequence of tasks. We also plan to analyze the effect of

cueing error sources with a within-subjects experiment in the future.
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Chapter 7

Conclusion

This dissertation investigated how to optimize user experience in Augmented Reality

(AR) environments by examining information delivery and visual search tasks.

Chapters 4 and 5 explored notification design, finding that notifications positioned di-

rectly on relevant objects with synchronized audio cues were most effective. This informs

the development of AR interfaces that minimize disruption while maximizing informa-

tion delivery.

Chapter 6 focused on visual search tasks within AR, highlighting the impact of im-

perfect cues generated by machine learning systems. The research demonstrated a high

level of automation bias when users rely on visual cues. These findings emphasize the

importance of reliable cueing systems and user training to mitigate reliance on imperfect

cues.

Future research directions include exploring alternative notification designs, investi-

gating user experience with mixed physical and virtual environments, and delving deeper

into visual search tasks with real-world objects and increased complexity. By understand-

ing user experience in AR environments, we can develop AR interfaces that are informa-

tive, user-friendly, and effective in supporting a variety of tasks.

7.1 Contributions

This dissertation advances the understanding of HCI and AR through the following

key contributions, each elaborated upon for a deeper understanding:

1. Improved Notification Design:

This research analyzed user performance and preferences for visual and auditory noti-

fication modalities within AR HMDs. The study provides clear and actionable guidelines

for developers by identifying the most effective placement (directly on relevant objects)
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and modality (combined visual and audio cues). These guidelines promote the design

of user-centered AR interfaces that deliver information efficiently while minimizing user

distraction.

2. Mitigating Disruption and Enhancing User Experience:

The research demonstrates how strategically designed AR notifications can minimize

disruption and even assist users in completing tasks. This knowledge is crucial for de-

velopers who aim to create user-centered AR applications that prioritize a seamless and

efficient user experience.

3. Understanding User Behavior in AR:

The study provides valuable insights into how users respond to different notifications

within an AR environment. This knowledge can be leveraged to develop future AR in-

terface design principles that cater to user needs and optimize interaction patterns within

AR environments.

4. Impact of Imperfect Cues in AR Visual Search:

This research investigates a critical factor in AR visual search tasks: the impact of

errors in visual cues. The study explores how these errors can affect user performance

and potentially lead to automation bias, where users over-rely on cues even when they

are incorrect. These findings can inform the design of reliable AR guidance systems that

minimize cue errors.

5. Quantifying Automation Bias in AR Visual Search with Machine Learning:

The study demonstrates a high level of automation bias when users rely on visual

cues generated by a machine learning system during a visual search task. Furthermore,

the research reveals that the magnitude of automation bias was even greater using the

ML system compared to a WoZ study due to the better performance of “automation”.
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7.2 Design Implications

This dissertation offers valuable insights for developers and designers of AR inter-

faces, particularly focusing on user interaction through notification design and visual

search tasks with cues.

The research continuously emphasizes the advantages of integrating auditory and vi-

sual modalities as notifications in AR apps. The total task performance, noticeability, and

user engagement are all improved by this integrated approach. The placement of visual

notifications is important. Their capacity to locate and engage with items in the AR en-

vironment is enhanced when they are positioned over relevant objects. The research pro-

poses fixed visual alerts inside the user’s field of view as a workable substitute for voice

notifications in situations when they are unsuitable. This method keeps the visual sig-

nals noticeable and performs similarly without excessively interfering with the primary

activity.

The study also draws attention to the possible dangers of imperfect automation since

search performance may suffer from imperfect cues. In order to solve this, designers must

consider the automation system’s reliability and give consumers explicit feedback on how

reliable the cues are. Although ML is a strong tool for automating target object recognition

in augmented reality experiences, designers need to be aware of possible inaccuracies.

Cues ought to be created with the limits of ML systems in mind.

Developers and designers may improve user experience and enable successful task

completion in a range of AR applications by integrating these design implications into

their work to produce more efficient and user-centered AR interfaces.

7.3 Limitations

Although every chapter in this dissertation provides insightful information about the

user experience with AR interfaces, it’s crucial to recognize certain limitations in all of
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the presented research. These drawbacks point to areas that need further research and

improvement as we work to create AR systems that are centered around users:

Ecological Validity: One issue that keeps coming up in every chapter is how con-

trolled the research environments used in this study are. Although these controlled en-

vironments provided a relatively realistic environment, allowed for the manipulation of

experimental conditions and allowed for the isolation of variables, they might not have

adequately captured the complexity of real-world AR use cases. A user’s experience us-

ing AR interfaces can be influenced by a wide range of elements found in real-world

surroundings, including background clutter, ambient noise, and different task difficul-

ties.

Task Complexity: The studies’ challenges had varying degrees of complexity. As

mentioned in Chapters 4 and 5, simpler tasks might have made some participants believe

that notifications are not as important as they had thought, which could have an effect

on how noticeable and dependent they are. Future research ought to examine the rela-

tionship between task complexity, notification design, and user behavior in augmented

reality interfaces.

In addition to the general limitations outlined above, some limitations are specific to

each chapter:

Notification Design: Although ARtisan Bistro was deemed a useful platform for re-

searching notification design in Chapter 3, it is vital to take into account the limits of Mi-

crosoft HoloLens 2’s hand-tracking technology and its FoV. These restrictions could have

affected how users engaged with notifications and virtual objects in the AR environment.

Visual Search Activities: Chapter 6 examined how users interacted with AR cues

while completing visual search activities. The usage of Mega Bloks with distinct forms

and colors may not translate to real-world search circumstances where things naturally

blend into the surroundings. Furthermore, the study concentrated on item search with

little prior exposure, which would not accurately represent search behavior in the actual
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world that depends on long-term memory representations. Future studies might involve

people with search expertise and examine how well AR cues perform in more ecologically

realistic search tasks.

Despite these limitations, the study described in this dissertation significantly adds

to our knowledge of how users interact with augmented reality interfaces, especially re-

garding notification design and visual search tasks with imperfect cues. By recognizing

these limitations and suggesting directions for future study, this dissertation lays the way

for the creation of more intuitive, user-friendly, and successful AR interfaces for a wider

variety of applications.

7.4 Future Work

This dissertation has laid a strong foundation for understanding user experience in

AR environments. However, the field of AR is rapidly evolving, presenting numerous

exciting avenues for future research. Here, we explore potential directions to build upon

the findings of this dissertation:

1. Expanding Notification Design Research:

Advanced Personalization: Notifications can be further personalized to user preferences

and task context. Research could explore user-configurable notification settings, allow-

ing users to adjust modality (visual, auditory), placement, and level of detail based on

their needs. Additionally, the system could learn individual user preferences over time,

dynamically adapting notification design for optimal effectiveness.

Transitioning to Physical and Virtual Blends: This research has focused on purely vir-

tual environments. Future studies can investigate user experience in mixed reality (MR)

settings, where virtual objects and notifications interact with the physical world. This

requires exploring how AR notifications adapt to real-world contexts, potentially blend-

ing with or dynamically responding to physical objects and user interactions with the

physical environment.
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Haptic Integration: Haptic feedback can be a powerful tool in MR. Future research

can explore how haptic notifications can be integrated with AR interfaces, providing

users with additional information channels and potentially enhancing task completion

efficiency.

2. Advanced Visual Search in AR:

Real-World Object Search: This research focused on virtual objects within a controlled

environment. Future studies can investigate how AR visual search functions in real-world

settings with a wider variety of objects that belong in the context. This includes exploring

the impact of object occlusion, lighting variations, and cluttered environments on visual

search performance and cue reliability.

Multiple Target Objects and Cues: The research examined single target object searches.

Future studies can explore how visual search functions with multiple target objects and

investigate the effectiveness of combining different cue modalities (e.g., visual, audio,

haptic) or just different cue types to guide users toward multiple targets. For example, an

image companies the arrow so that users can reaffirm their choice.

Attention Management and Cognitive Load: AR visual search tasks can introduce cog-

nitive load. Future research can explore strategies to manage user attention within AR

environments, potentially including dynamic cue adjustment based on task complexity

or visual clutter.
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Appendix A

Experiment Raw Results

A.1 Notifications Experiment 1 Post-Study System Usabil-

ity Questionnaire
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Participant Number

Overall, I am satisfied 
with how easy it is to 
use this system.

It was simple to use 
this system.

I could effectively 
complete the tasks and 
scenarios using this 
system.

I was able to complete 
the tasks and 
scenarios quickly using 
this system.

I felt comfortable using 
this system.

It was easy to learn to 
use this system.

1 0 0 2 2 0 0
2 2 2 1 4 3 0
3 1 2 1 3 2 2
4 1 1 3 3 3 0
5 4 2 2 2 2 3
6 2 2 4 4 1 0
7 0 0 0 0 0 0
8 2 2 2 3 2 0
9 1 1 2 1 2 1

10 1 2 0 1 1 0
11 1 1 1 1 0 0
12 0 0 4 4 0 0
13 2 1 1 1 1 0
14 1 0 1 0 0 0
15 0 0 0 0 0 1
16 2 1 3 3 1 0
17 1 0 2 2 2 0
18 1 0 0 0 0 0
19 2 1 0 1 1 0
20 3 2 3 4 3 0
21 0 1 1 1 0 1
22 1 1 0 1 2 0
23 2 3 2 3 0 0
24 0 0 0 0 0 0
25 0 0 3 3 0 0
26 1 1 1 1 1 0

Mean 1.19 1.00 1.50 1.85 1.04 0.31
STD 1.00 0.88 1.25 1.38 1.06 0.72
<1.75 Yes Yes Yes No Yes Yes
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Participant Number

I believe I could 
become productive 
quickly using this 
system.

The system gave error 
messages that clearly 
told me how to fix 
problems.

Whenever I made a 
mistake using the 
system, I could recover 
easily and quickly.

The information (such as on-line 
help, on-screen messages, and 
other documentation) provided 
with this system was clear.

It was easy to find the 
information I needed.

The information 
provided for the system 
was easy to 
understand.

1 0 6 3 4 4 4
2 1 0 1 1 3 0
3 3 4 3 2 2 2
4 3 2 3 3 3 3
5 3 3 2 1 1 1
6 1 0 0 1 1 1
7 0 0 1 0 0 0
8 2 4 1 0 0 0
9 2 3 2 0 0 0

10 0 3 2 1 2 1
11 0 2 1 1 0 0
12 3 0 1 3 3 0
13 0 4 2 2 1 1
14 0 3 1 2 5 0
15 1 6 3 2 2 1
16 1 2 1 3 2 1
17 1 0 5 0 1 1
18 0 0 0 0 0 0
19 2 1 1 0 1 0
20 1 5 1 0 1 1
21 0 0 0 0 0 0
22 0 5 4 1 2 1
23 0 3 3 0 0 0
24 1 2 1 0 0 0
25 0 2 2 1 1 1
26 1 2 1 1 1 1

Mean 1.00 2.38 1.73 1.12 1.38 0.77
STD 1.07 1.88 1.23 1.15 1.33 0.97
<1.75 Yes No Yes Yes Yes YesF
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Participant Number

The information was 
effective in helping me 
complete the tasks and 
scenarios.

The organization of 
information on the 
system screens was 
clear.

The interface of this 
system was pleasant.

I liked using the 
interface of this 
system.

This system has all the 
functions and 
capabilities I expect it 
to have.

Overall, I am satisfied 
with this system.

1 4 4 0 0 1 1
2 0 0 3 5 2 2
3 1 1 2 4 1 2
4 3 3 3 3 3 3
5 2 1 2 2 1 1
6 0 0 1 1 2 1
7 0 0 1 1 1 1
8 0 0 1 1 0 1
9 0 0 2 1 1 1

10 3 2 1 1 1 1
11 0 0 0 0 0 0
12 0 0 0 0 1 0
13 1 2 3 2 3 2
14 6 0 0 0 0 0
15 1 1 1 1 1 1
16 3 3 1 1 2 2
17 1 1 1 0 0 0
18 0 0 0 0 0 0
19 1 1 0 1 2 1
20 2 0 2 2 2 2
21 0 1 3 3 1 1
22 1 2 2 1 4 1
23 0 0 0 0 1 1
24 1 1 1 1 0 0
25 1 1 0 0 0 0
26 1 1 2 2 1 1

Mean 1.23 0.96 1.23 1.27 1.19 1.00
STD 1.48 1.09 1.05 1.29 1.04 0.78
<1.75 Yes Yes Yes Yes Yes Yes
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A.2 Notifications Experiment 1 System Usability Survey

127



Participant 
number

I think that I would like to 
use this system 
frequently.

I found the system 
unnecessarily complex.

I thought the system was 
easy to use.

I think that I would need 
the support of a technical 
person to be able to use 
this system.

I found the various 
functions in this system 
were well integrated.

I thought there was too 
much inconsistency in 
this system.

1 4 4 4 4 4 4
2 1 2 2 4 2 1
3 3 4 3 3 2 4
4 3 3 3 3 3 2
5 4 4 4 4 4 4
6 4 4 4 4 4 4
7 4 3 4 3 4 3
8 3 3 3 4 3 3

10 2 2 2 4 2 4
11 2 3 3 1 3 1
12 4 4 4 4 4 4
13 2 3 3 4 3 4
14 3 3 3 4 3 4
15 3 2 3 3 3 3
16 4 3 4 2 4 3
17 3 4 4 4 4 4
18 4 4 4 3 3 2
19 2 2 3 4 2 3
20 4 0 3 4 3 4
22 1 3 2 3 3 3
23 2 2 2 2 3 3
24 3 4 4 3 3 4
25 4 4 4 4 4 4
26 1 2 2 4 1 1

AVG 2.92 3.00 3.21 3.42 3.08 3.17
STD 1.04 1.00 0.76 0.81 0.81 1.03
SE 0.21 0.20 0.16 0.17 0.17 0.21
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Participant 
number

I would imagine that 
most people would learn 
to use this system very 
quickly.

I found the system very 
cumbersome to use.

I felt very confident using 
the system.

I needed to learn a lot of 
things before I could get 
going with this system. Sum Score

1 4 4 4 4 40 100
2 1 3 1 3 20 50
3 4 4 3 3 33 82.5
4 3 3 3 1 27 67.5
5 4 4 4 4 40 100
6 4 4 4 4 40 100
7 4 3 4 2 34 85
8 3 4 4 3 33 82.5

10 3 3 4 4 30 75
11 4 4 3 3 27 67.5
12 4 4 4 4 40 100
13 4 4 4 4 35 87.5
14 3 4 3 3 33 82.5
15 3 3 3 3 29 72.5
16 4 3 4 2 33 82.5
17 4 4 4 4 39 97.5
18 4 2 4 4 34 85
19 4 3 2 4 29 72.5
20 3 1 3 1 26 65
22 3 3 3 2 26 65
23 3 1 1 2 21 52.5
24 4 4 3 4 36 90
25 4 4 4 4 40 100
26 3 2 3 4 23 57.5

AVG 3.50 3.25 3.29 3.17
STD 0.71 0.92 0.89 0.99
SE 0.14 0.19 0.18 0.20
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Participant 
number

I think that I would like to 
use this system 
frequently.

I found the system 
unnecessarily complex.

I thought the system was 
easy to use.

I think that I would need 
the support of a technical 
person to be able to use 
this system.

I found the various 
functions in this system 
were well integrated.

1 4 4 4 4 4
2 3 3 4 4 3
3 4 4 3 3 3
4 3 4 3 3 2
5 1 3 3 4 1
6 4 4 4 4 4
7 4 3 4 3 4
8 2 3 3 3 4

10 1 2 2 4 2
11 2 3 3 1 3
12 2 3 3 4 3
13 2 4 4 4 4
14 3 4 4 4 4
15 3 2 3 3 3
16 4 4 4 2 4
17 1 2 1 4 4
18 4 3 1 4 4
19 3 3 4 4 3
20 0 2 2 0 3
22 3 3 3 3 3
23 2 1 2 3 3
24 1 1 2 4 2
25 4 4 4 4 4
26 3 3 4 4 3

AVG 2.63 3.00 3.08 3.33 3.21
STD 1.18 0.91 0.95 1.03 0.82
SE 0.24 0.19 0.19 0.21 0.17
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Participant 
number

I thought there was too 
much inconsistency in 
this system.

I would imagine that 
most people would learn 
to use this system very 
quickly.

I found the system 
very cumbersome to 
use.

I felt very confident 
using the system.

I needed to learn a lot of 
things before I could get 
going with this system. Sum Score

1 4 4 4 4 4 40 100
2 3 1 2 4 4 31 77.5
3 3 4 4 3 3 34 85
4 3 2 1 2 1 24 60
5 1 3 2 3 4 25 62.5
6 4 4 4 4 4 40 100
7 3 3 3 4 3 34 85
8 3 2 4 4 4 32 80

10 4 3 2 2 4 26 65
11 3 4 4 3 3 29 72.5
12 3 4 2 2 4 30 75
13 4 4 4 4 4 38 95
14 4 4 3 4 4 38 95
15 3 3 2 3 3 28 70
16 4 4 4 4 1 35 87.5
17 4 1 3 2 4 26 65
18 4 4 2 4 2 32 80
19 3 4 3 3 4 34 85
20 4 1 2 4 0 18 45
22 3 3 3 3 3 30 75
23 3 3 2 2 2 23 57.5
24 4 4 1 2 4 25 62.5
25 4 4 4 4 4 40 100
26 2 4 3 4 2 32 80

AVG 3.33 3.21 2.83 3.25 3.13
STD 0.75 1.04 0.99 0.83 1.17
SE 0.15 0.21 0.20 0.17 0.24
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Participant 
number

I think that I would like to 
use this system 
frequently.

I found the system 
unnecessarily complex.

I thought the system was 
easy to use.

I think that I would need 
the support of a technical 
person to be able to use 
this system.

I found the various 
functions in this system 
were well integrated.

I thought there was too 
much inconsistency in 
this system.

1 2 3 4 4 4 4
2 1 3 2 4 1 1
3 3 3 3 3 2 4
4 3 3 3 3 2 3
5 2 2 3 4 3 3
6 3 4 4 4 3 4
7 4 3 4 3 4 2
8 3 1 3 2 3 3

10 0 1 1 4 2 2
11 3 3 3 1 3 1
12 0 1 1 4 1 2
13 2 4 3 4 3 2
14 3 4 4 4 2 1
15 2 1 3 4 3 3
16 4 3 4 1 4 1
17 1 2 1 4 4 4
18 2 3 4 4 2 1
19 1 3 2 4 3 3
20 0 0 0 0 0 4
22 1 1 2 4 2 3
23 3 3 3 3 4 4
24 4 4 4 4 4 4
25 4 4 4 4 4 4
26 1 0 1 3 3 2

AVG 2.17 2.46 2.75 3.29 2.75 2.71
STD 1.28 1.26 1.20 1.14 1.09 1.14
SE 0.26 0.26 0.24 0.23 0.22 0.23
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Participant 
number

I would imagine that 
most people would learn 
to use this system very 
quickly.

I found the system very 
cumbersome to use.

I felt very confident using 
the system.

I needed to learn a lot of 
things before I could get 
going with this system. Sum Score

1 3 4 4 3 35 87.5
2 2 0 2 3 19 47.5
3 1 1 1 3 24 60
4 3 3 3 1 27 67.5
5 3 2 3 4 29 72.5
6 4 4 4 4 38 95
7 3 1 4 1 29 72.5
8 3 3 3 2 26 65

10 2 1 1 4 18 45
11 4 4 3 0 25 62.5
12 3 0 1 4 17 42.5
13 4 4 4 4 34 85
14 3 4 3 4 32 80
15 3 1 3 3 26 65
16 4 4 4 2 31 77.5
17 2 2 3 4 27 67.5
18 2 2 1 1 22 55
19 4 2 2 3 27 67.5
20 0 0 0 4 8 20
22 3 1 3 3 23 57.5
23 3 2 3 3 31 77.5
24 4 4 4 4 40 100
25 4 0 4 3 35 87.5
26 3 0 2 2 17 42.5

AVG 2.92 2.04 2.71 2.88
STD 1.00 1.51 1.17 1.17
SE 0.20 0.31 0.24 0.24
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Participant 
number

I think that I would like to 
use this system 
frequently.

I found the system 
unnecessarily complex.

I thought the system was 
easy to use.

I think that I would need the 
support of a technical 
person to be able to use this 
system.

I found the various 
functions in this system 
were well integrated.

I thought there was too 
much inconsistency in 
this system.

1 3 3 4 4 4 4
2 2 3 3 4 4 2
3 3 3 1 1 1 1
4 3 3 3 3 3 3
5 1 4 3 4 2 4
6 4 4 4 4 4 4
7 0 3 1 2 2 2
8 3 1 3 3 4 3

10 0 4 3 4 2 4
11 2 3 3 1 3 1
12 3 4 4 4 3 4
13 2 3 3 4 3 4
14 1 4 4 4 4 3
15 3 3 2 4 1 3
16 4 4 3 1 4 4
17 4 4 4 4 4 4
18 2 4 2 3 4 4
19 2 4 4 3 3 4
20 1 2 3 1 2 4
22 3 3 3 3 3 3
23 2 1 2 2 1 3
24 3 3 2 4 4 4
25 4 4 4 4 4 4
26 2 2 3 3 3 3

AVG 2.38 3.17 2.96 3.08 3.00 3.29
STD 1.15 0.90 0.89 1.11 1.04 0.93
SE 0.23 0.18 0.18 0.23 0.21 0.19
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Participant 
number

I would imagine that 
most people would learn 
to use this system very 
quickly.

I found the system very 
cumbersome to use.

I felt very confident using 
the system.

I needed to learn a lot of 
things before I could get 
going with this system. Sum Score

1 4 4 4 4 38 95
2 3 2 3 1 27 67.5
3 3 1 1 1 16 40
4 3 4 3 1 29 72.5
5 4 3 3 4 32 80
6 4 4 4 4 40 100
7 1 4 1 3 19 47.5
8 3 4 3 2 29 72.5

10 3 1 1 4 26 65
11 4 4 3 2 26 65
12 4 4 4 4 38 95
13 4 3 3 4 33 82.5
14 3 4 3 4 34 85
15 3 3 3 4 29 72.5
16 4 4 4 2 34 85
17 4 4 4 4 40 100
18 3 2 4 0 28 70
19 4 3 3 2 32 80
20 0 4 2 1 20 50
22 3 3 3 3 30 75
23 1 2 2 1 17 42.5
24 3 4 3 4 34 85
25 4 4 4 4 40 100
26 4 2 3 4 29 72.5

AVG 3.17 3.21 2.96 2.79
STD 1.07 1.00 0.93 1.35
SE 0.22 0.20 0.19 0.28
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