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Real-world augmented reality (AR) systems are increasingly network connected in order to succeed in operational spaces
dependent on cutting edge sensor and computing technologies, all connected together via the network: This dependency
inevitably introduces new sources of error to the AR system through instability in network performance: These errors create
familiar problems, such as registration errors, on scales unfamiliar to modern AR systems. The effects of these problems
on user performance are difficult to investigate as user performance involves many interrelated factors, some of which
are difficult to measure. In this work, we control for user behavior to reduce the complexity of investigating the effects of
real-world scale latency and signal dropouts on users’ objective task performance and subjective assessments of the AR system.
Behavior was controlled by instructing participants to adopt specific behaviors based on different levels of trust and reliance
on AR tags and environmental visual cues. We found significant negative effects of both network error sources on subjective
assessments of both the AR system and task, as well as objective task completion time and errors committed. Participants’
subjective assessments and objective task also varied unexpectedly with increasing network error levels, suggesting that
human perception of the effects of network errors are not well calibrated to the actual effects on performance. We also found
significant interaction between behavior and network errors on task performance, drawing implications not just for AR
system design, but also for AR system operation guidelines.
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1 Introduction

Augmented reality (AR) technologies have advanced in many aspects in recent years, leading to head-worn
displays (HWDs) becoming more attractive for use in many real-world applications, including simulation and
training, defense, and urban planning [12, 35]. In these contexts, success in the operational space will be driven
in part by the use of distributed, cloud, and edge computing technologies, or the Internet of Things (IoT), to
provide critical information to end users who execute the mission [41]. Real-world AR systems will rely on spatial
data created and delivered by such networked technologies, greatly increasing the scope of content that can be
presented to the user. Networked computing also offers the ability to offload computing requirements to the
network, allowing for increased AR system capability while minimizing on-premises resource requirements [3].
At the same time, these dependencies on the network introduce additional risk where degradations in network
performance create new sources of error in the AR system. Understanding the effects of such network issues on
the performance of an AR system user is necessary to field AR systems in an increasingly network-dependent
world. In this paper, we investigate the impact of two factors of these networking-related challenges, network
latency and signal interruption (“dropouts” [2]), on human perception and performance with AR systems.

In an AR system that relies on network data to present the real-world location of items of interest, AR cues
may lag behind real-world motion as location data arrives late. Further, dropouts may appear as complete stops
in cue movement as new data does not arrive to update cue positioning. The exact effects of sub-optimal network
performance on AR user performance can vary based on several factors, such as the design of the AR interface,
the task at hand, whether users can or are willing to adapt to AR cue positioning and latency errors, and the user’s
strategy and behavior when using the AR system [18]. These factors can be interrelated and the relationship
between AR network errors, user reliance behavior, and ultimate spatial task performance can be complex.
For example, trust, defined as “the attitude that an agent will help achieve an individual’s goals in a situation
characterized by uncertainty and vulnerability” [15], can affect user reliance behavior which in turn affects task
performance. Trust, however, as a latent concept is difficult to directly measure and thus manipulating trust in
a system for experiments can also be difficult to accomplish precisely. Therefore, in this work we control for
different user reliance behaviors that we would expect to emerge from users with different levels of trust in
the AR system. Participants were instructed to adopt pre-defined task completion behaviors modeling different
levels of trust and reliance on the information channels available to the user, i.e. AR tag information versus
environmental visual information. These behaviors differentiate based on the order in which the information
sources are referred to and the priority with which they are used to complete a decision. In doing so, we can
evaluate different task completion behaviors, allowing us to better understand the effects of network latency and
dropouts on task performance in an .AR-assisted visual search-and-selection task.

Accordingly, we conducted two within-subjects experiments (N=20) where we controlled for user reliance
behavior to investigate how network errors (i.e., latency and dropouts) affect optical see-through (OST) AR HWD
users’ objective performance in a 360° search-and-selection task. We also measured users’ subjective assessments
of the network errors in terms of perceived trust and reliance of the AR system. These experiments support the
following findings:

« Effects of AR cue latency and dropouts on participants’ objective task performance in the 360° search-
and-selection task,

« Interaction effects between implemented behavior and AR latency and dropout errors on task performance,
and

« Effects of AR cue latency and dropouts on participants’ subjective ratings of reliance and trust in the AR
system.

Our results highlight the ability of simple networking errors, occurring in the ranges that we see in difficult
real-world networking environments, to induce complex negative effects on objective performance and subjective
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assessments of the AR system. Our results also demonstrate the potential for different behaviors to mitigate or
exacerbate these effects when completing spatial tasks supported by an AR system. Together, this work informs
important considerations for the design and operation of AR systems that depend on networking capabilities in
the real world.

This paper is structured as follows. Section 2 provides background information in the scope of this paper.
Section 3 describes the material and methods we used for our experiments. Section 4 describes the two experiments
in which we evaluated the effects of network latency and dropouts. Section 5 concludes our paper.

2 Background

In this section we discuss concepts and prior work that inform our investigation of the relationships between
visual search tasks with AR cues, network factors, and reliance and trust relevant to network factors in AR
systems, trust in AR contexts, and the search-and-selection task we used.

2.1 User Trust in Augmented Reality Cues During Visual Search Tasks

OST AR HWDs are used in various domains to overlay visual cues onto the real environment. These cues,
whether textual or symbolic, annotate physical objects or elements, often providing information that is additional
or redundant to what is observable directly in the environment. OST HWDs are particularly advantageous
in scenarios where they deliver information about physical objects in a manner that is more efficient and
understandable than real-world visual cues [39]. For example, AR annotations that are salient and legible can aid
users in locating objects that would otherwise demand extensive effort to find due to small size or being out of
view (i.e., occluded) particularly in time-sensitive or unfamiliar settings [6, 26, 34]. Although this information
can be technically superfluous, AR imagery offers an alternative channel of information that affords cognitive
and performance benefits during task execution. However, evaluating the effectiveness of AR in task contexts is
challenging, as both subjective and objective outcomes are influenced by user behavior, which in turn is shaped
by their perceptions of the AR system’s reliability. Users might exclusively depend on AR cues, combine them
with real-world observations (e.g., verify the accuracy of AR annotations against actual environmental elements
or vice versa), or disregard the AR cues altogether based on their trust in the technology. In this paper, we propose
and assess four distinct behavioral models for executing a 360-degree visual search-and-selection task, delineating
variations in the reliance on and trust in the available sources of information.

Factors involved in a user’s interaction with the system for a given task include the system’s reliability, user
attitudes toward such systems, the workload associated with the task, the user’s own confidence in their ability to
perform the task, and the user’s trust in the system [24]. In this context, the reliability of a system — in our study,
the reliability of an AR cue —is distinct from a user’s reliance, or choice to rely, on that system. Reliability refers
to the actual capability of the system, for example what percentage of the time an alarm system performs the
correct action. Reliance would then refer to a user’s decision to depend on the system for execution of the task.

Trust is yet another related, but different, concept that is drawn from interpersonal trust, or the trust a person
has in another person [19]. The exact definition of “trust” in the context of AR systems assisting users in completing
spatial tasks is not universally agreed upon. Trust is generally accepted, however, to be a latent concept and one
commonly cited definition was offered by Lee and See, “the attitude that an agent will help achieve an individual’s
goals in a situation characterized by uncertainty and vulnerability” [15]. A user’s trust in and reliance on an AR
system are influenced by numerous factors associated with the system, environmental conditions, and the specific
task context, often linked to perceived changes in performance efficacy [21, 38, 39]. Reliance and reliability, both
constructs related to trust, are typically straightforwardly measured as the percentage of system decisions the
human agrees with and the percentage of correct actions over total operation, respectively. Trust, on the other

ACM Trans. Appl. Percept.



4 « Furuyaetal.

hand, is difficult to directly measure and thus manipulating trust in a system for experiments can also be difficult
to accomplish precisely.

Prior research on reliance and trust informs the expectation that networking factors should have a significant
effect on the users’ behavior with an AR system that is networked with other users or automated systems
to receive task-relevant information (e.g., the GPS position of a moving object to annotate with an AR tag).
In these cases, the reliability of various network factors such as latency and dropout errors will impact the
user’s perceptions of the system. For example, in instances where the system appears unreliable, users may lose
trust, leading to reduced usage of the AR system. Such scenarios can result in undertrusting the system, where
users, doubting the system’s reliability, might frequently verify AR-provided information, ultimately impairing
performance compared to what could be achieved with a more balanced approach to system trust [24, 29]. On the
other hand, excessive confidence in the AR system can lead to overtrusting the system, potentially causing more
errors than would occur with a more accurately calibrated trust level [22]. Moreover, users’ trust and reliance
on an AR system can evolve over time, prompting adjustments in their approach to tasks. Additionally, the
correlation between users’ perceived reliability of the AR system and their actual behavior might not always
align, particularly if they are directed to execute tasks in a prescribed manner. While exploring these dynamic
behaviors within AR systems is compelling, in this study, we have opted to regulate this variable by specifically
directing participants to execute the task employing one of the four predefined behaviors, described in detail in
Section 3.2.

2.2 Network Factors in Augmented Reality Systems

AR HWDs are evolving from isolated devices into integrated components of larger, internet-connected sys-
tems [31]. This network connectivity offers significant advantages. For example, cloud services can be leveraged
to offload computationally intensive tasks, resulting in smoother performance for the user. Additionally, network-
ing can facilitate remote collaboration, enabling AR HWDs to connect with vast IoT networks and access real-time
data streams [11, 13]. The quality of future AR experiences will increasingly rely on the seamless transmission
of data between the headset and the networked system [40]. Advancements in mobile networking like 5G and
the anticipated arrival of 6G by 2030 provide high-speed and high-efficiency infrastructure that supports the
continued development of innovative AR applications [8, 10, 16]. These progressive network technology improve-
ments are also reflected in recommendations for network performance for mobile AR applications, including
high speeds of at least 50 Mb/s, high reliability of maintaining high speeds at least 95% of the time, low latency of
below 10ms, and even high performance while moving at speeds of up to 100km/h [1, 3].

Real-world networking is complex, however, and many more factors than the mobile networking technology by
the AR device affect actual network performance. For example, in a worldwide cloud IoT application, a user could
expect to experience round trip latency times of more than 1500ms [7], regardless of the networking technology
utilized by the end-user’s device. In a wireless inertial pose tracking application, real-world packet loss in the
WiFi network was measured to be almost 40% in controlled environment without sources of interference [37].
In this paper we investigate the impacts of two aspects of network performance, latency and dropouts, on user
perception and performance with AR systems.

Network latency and dropouts can introduce errors that appear as poor AR registration, such as latency and
interruptions in tracking. The quality of registration, or the proper positioning of AR cues relative to physical
objects and the real world environment, has been long known to directly impact user performance with AR
systems [18]. A study utilizing an AR collaborative gaze-sharing application demonstrated that latency and
dropout errors induce negative effects on users’ objective performance and subjective experience [4]. Another
simulated the effects of network and tracking errors on interactions with an avatar in virtual reality, including
simulated network errors spiking for 50% of the experiment time [32]. Yet, much of the prior work on the effects
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Fig. 1. In our hybrid reality apparatus, participants were presented with a simulated real space in 360° around them, while
they were also wearing an OST HWD that overlaid AR tags over entities within this simulated space: (a) lllustration of the
CAVE-like interaction space and control center [27] we used in this work to present a simulated real environment around
participants during the experiments. (b) Annotated photo showing a participant completing the experiment, wearing a Vision
Products SA-147/S AR HWD in our CAVE-like interaction space, while holding the controller in their dominant hand. The
environment showed groups of simulated humans arranged in a circle around the center of the simulation space. Each group
of simulated humans walked back and forth while AR tags floating over their heads were presented on the AR HWD.

of AR registration performance on user performance primarily concerns aspects of the AR device itself [9], such
as motion-to-photon latency [17] or interruptions in the device’s tracking functionality [25]. The increasing
reliance on networked systems necessitates a deeper understanding of how network errors, specifically latency
and dropouts from network sources as opposed to AR system sources, affect user experience. This paper focuses
on investigating the impact of latency and dropout errors, specifically from network sources and not AR system
sources, on task performance, trust, and user reliance on the AR system.

3 Material and Methods

In this section, we describe the experimental apparatus, stimuli, measures, and procedure that we used in the two
experiments described in Section 4.

3.1 Material

3.1.1 Hybrid Reality Apparatus. For this work we used a 4 m x 4 m square CAVE-like hybrid immersive projection
environment [27]. See Figure 1(a) for a diagram of this space. We used four NEC U321H ultra-short throw
projectors to project on all four walls. Each projector supported a resolution of 1080p per wall, leading to
7680x1080 total resolution. Participants stood in the center of this interaction space and wore an OST HWD to
view AR cues overlaid on top of entities within the projected simulated real environment on the walls. They used
a handheld controller to interact with the environment. Figure 1(b) shows a participant standing within this
setup. This space allowed us to use an OST HWD to display AR cues overlaid on the real world while granting
high levels of control over the alignment between AR cue and target as well as the condition of the environment
itself, i.e. weather and lighting.

ACM Trans. Appl. Percept.
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For the AR stimuli, participants wore a Vision Products SA-147/S OST AR HWD, which uses four OLED
microdisplays to support a total resolution of 3840x1200 per eye. The SA-147/S provides a 33° vertical field of
view (FOV) and a 143" horizontal FOV, with 53° of binocular overlap. The scene displayed on the projected walls
and the AR tags displayed on the HWD were perspective-corrected based on the participant’s tracked head pose.
We mounted a Vive Tracker 3.0 on top of the HWD to track its pose within the interaction space. Two SteamVR
Base Station 2.0 units, mounted in opposite upper corners of the interaction space, tracked the Vive Tracker 3.0
and provided six degrees of freedom head pose information. The Vive Base Station 2.0 units also tracked a Vive
Pro handheld controller that provided point-and-click input from the participant. According to the manufacturer,
the Vive tracking system has sub-centimeter positional error, sub-degree orientational error, and tracker latency
below 30ms [20, 23, 30].

3.1.2  Rendering and Display. We used the Unity engine version 2021.3.2 for rendering. We used the SteamVR
Unity plugin to handle the real-time pose and input information from the Vive Tracker 3.0 (for head pose) and
the Vive Pro controller. To correctly display imagery on the SA-147/S HWD, we positioned two virtual cameras
in the Unity scene based on where the participant’s left and right eyes were relative to the Vive Tracker 3.0. This
was accomplished by measuring the offsets between the tracker mounting position and approximate locations for
a nominal user’s left and right eyes. We also manually adjusted the FOV settings on the virtual cameras until they
matched the participant’s FOV through the AR display. To compensate for the optical distortion characteristics
of the SA-147/S HWD, we used a custom shader in Unity, resulting in imagery that appeared undistorted.

3.1.3  Simulated Real Environment. The environment projected on the walls of our immersive projection space
was a desert landscape. Ten groups of two simulated humans were distributed evenly around the center of
the interaction space at a 10 meter distance, such that each group was located at the same distance from the
participant, and the angular distance between each group was the same, as illustrated in Figure 2.

In each group, the two simulated humans patrolled back and forth within the same range of 3 meters distance,
at different but constant speeds between 1.5 and 2 meters per second, changing direction every 1.5 to 2 meters.
The simulated humans had subtly colored armbands. One of the two simulated humans in each group had a red
armband (red team member) and the other a blue armband (blue team member). The order of the colors was
assigned randomly. In all conditions, participants saw these colored armbands. Further, in most trials (except
for the baseline conditions), participants saw a red diamond AR tag presented via the SA-147/S AR HWD and
registered just above the simulated human’s head with the red armband. When the simulated human with the
red armband patrolled backand forth, the red diamond AR tag matched that human’s movement, except for the
simulated network latency and dropouts described below. There was no AR tag presented for the simulated human
with the blue armband. Hence, depending on the magnitude of the simulated network errors, the simulation
ensured that there was uncertainty about which of the two simulated humans the AR tag was registered to.

Game objects in the virtual scene were classified into layers that defined whether they would be presented on
the AR display or on the CAVE walls. The culling masks of the cameras for the AR display and CAVE walls were
configured such that the terrain and simulated humans in the scene would be presented solely on the walls of the
CAVE, while the AR tags above the heads of the simulated humans would be presented solely on the AR display.

An experimenter interface, all four projected wall displays, and the two 3840x1200 pixel video channels for
the SA-147/S were driven from a single BOXX APEXX X3 desktop computer via two Nvidia Quadro RTX 6000
graphics cards. HDMI splitters on the four projected wall display outputs allow the wall imagery to be mirrored on
four additional displays in the control center area outside the interaction space, where an experimenter could see
exactly what imagery was being shown to the participant on each wall. This was useful during the experiments,
to be aware of a participant’s progress or state while performing the trials, without needing to verbally interact
with the participant or to physically go back and forth from the control center area to inside the interaction space.

ACM Trans. Appl. Percept.
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Simulated human pairs

Fig. 2. Screenshot showing the arrangement of the ten groups of two simulated humans that were located in‘a 10 meter
circle relative to the center of the CAVE-like installation (illustrated green). The interior surface of the green walls represents
the dimensions and positioning of the CAVE-like space relative to the virtual environment.

3.2 Task and Behaviors

AR-Supported Visual Search-and-Selection Task. The task that participants were asked to perform within the
experiment space involved rapidly sweeping around the full 360° surrounding environment, selecting all simulated
humans that were marked as red team members, while not selecting any simulated humans marked as blue
team members. Throughout the majority of the experiment trials, the simulated humans were identifiable as
red or blue team members based on both a colored armband, and the read team members had a red diamond
AR tag floating above their head. In baseline trials-at the start and end of the experiment, no AR tags were
present, requiring participants to rely only on the colored armbands as if they were not wearing an AR display.
Participants were timed for each individual trial (one 360° sweep) and were instructed to perform the task as
quickly and as accurately as possible. Each trial started with a click on a “start” button and ended with a click on
an “end” button. Each trial involved 10 pairs of simulated humans. Each pair of simulated humans featured one
blue team member and one red team member. Each trial was repeated twice, once in clockwise direction, and once
in counterclockwise direction. Therefore, for each condition the search-and-selection task involved identifying 1
blue team member and 1 red team member out of each pair for 20 pairs of simulated humans. The characteristics
of the AR imagery presented to participants in each trial were varied according to the experimental conditions.
Additionally, participants were instructed to adopt one of four behaviors that represented different levels of
reliance on AR.

Behaviors. We considered four behaviors for completing the AR-supported visual search and selection task
in the scope of this study. We identified these four behaviors based on different levels of reliance on and trust
in the two information channels (AR tags presented on the HWD vs. colored armbands in the simulated real
environment) that are provided to participants, i.e., which information channel participants mainly rely on, and
whether they verify that information with the other information channel:

« AR-Only: Participants completed the task by only relying on the AR tags while disregarding the simulated
real scene armbands.

« AR-First: Participants completed the task by first looking at the AR tags, then confirming their impression
of the simulated humans by double checking the appearance of their armband.

« Real-First: Participants completed the task by first looking at the armbands on the simulated humans’
arms, then confirming their impression by double-checking the AR tag.

ACM Trans. Appl. Percept.



8 « Furuyaetal.
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Fig. 3. Illustration of the four considered behaviors that correspond to different levels of trust and reliance on AR. We
instructed participants to use these behaviors when making their decisions about which simulated human to select when
completing the AR-supported visual search-and-selection task. (a) AR-Only: Participants only looked at the AR tag when
deciding whether to select them. (b) AR-First: Participants first looked at the AR tag and then looked at the simulated human
nearby to confirm their decision before selecting. (c) Real-First: Participants first looked at the simulated human’s armbands
and then looked at the AR tag to confirm their decision before selecting. (d) Real-Only: Participants only looked at the
simulated human’s armband when deciding whether to select them.

(2) Click on
> (1)See a m=p that character.

j. armband... T m

» Real-Only: Participants completed the visual search-and-selection task by only relying on the simulated
real scene while disregarding the AR tags, i.e., participants identified targets based only on the color of
the armbands on the simulated humans.

Depending on a condition’s assigned behavior (See Sections 4.1.3 and 4.2.3), we expected to see differences
in participant task performance (time and errors, see below). In particular, we expected to see increased task
performance for behaviors with higher reliance on and trust in AR (if warranted by the simulated AR network
performance). Further, depending on the simulated AR network errors, we expected that participants would
subjectively indicate that they would lose trust and lower their reliance on AR in situations when the AR system
performance did not seem to warrant trust.

During experimental trials, participants were shown a graphic corresponding to the desired behavior for the
trial, seen in Figure 3. A recorded voice instruction was also played while the graphic was displayed to provide
two modes of instruction. These instructions were provided in addition to the familiarization period participants
were given (see Section 3.3.3).

ACM Trans. Appl. Percept.
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3.3 Measures and Procedure

We collected both objective and subjective data from participants in our experiments.

3.3.1 Objective Data. We recorded the duration it took participants to conduct a complete 360° sweep of the
environment in each trial. This involved measuring the time from when they initiated the trial by clicking the
“start” button until they indicated completion by clicking the “end” button. Additionally, we tracked the number
of false-negative instances (type II errors), where participants failed to identify simulated humans marked in
red, and the number of false-positive instances (type I errors), where participants incorrectly selected simulated
humans marked in blue.

3.3.2 Subjective Data. We gathered subjective data from participants using questionnaires completed on a laptop
immediately after they finished the search-and-selection trials. This occurred while they were still immersed in
the hybrid simulation environment, with simulated humans and AR tags visible in the FOV. The questionnaires
utilized in this study were as follows:

Trust of Automated Systems Test (TOAST). This questionnaire [36] provides an effective assessment of whether
users of a system believe they understand the system and feel confident in its performance. Participants read
each of the ten statements and indicated on a 7-point Likert scale the extent to which they disagree (1) or agree
(7) with each statement. This questionnaire is built around the following two subscales, and is scored separately.
To calculate the subscale scores, the average of the responses to the items in that subscale is computed, based on
the method proposed by Wojton et al. [36]:

+ System Understanding: Higher understanding scores indicate that the participant has a high confidence
that their trust in the system is well calibrated.

« System Performance: Higher performance scores indicate that the participant trusts the system to help
them perform their task.

Single Item Questionnaires. We asked participants to further rate their perception of the different experimental
conditions with respect to the following 7-point scales using a single item each:

» Trust: On a scale from 1 (not trustworthy) to 7 (very trustworthy), how much would you trust the AR

system?

Reliance: On a scale from 1 (cannot rely on) to 7 (very reliable), how much would you rely on the AR

system?

+ Confidence: How would you rate your confidence in your performance (1=low, 7=high)?

Difficulty: How would you rate the difficulty of the task (1=low, 7=high)?

+ Advantageous: On a scale from 1 (disadvantageous) to 7 (advantageous), how would you rate the AR
system?

These questionnaires were administered with regards to the network factors only. Our work primarily aimed to
investigate the effects of network latency and dropouts on task performance; the behaviors were implemented to
control for subjective factors that could affect performance. Therefore, when answering the above questionnaires
we instructed participants to consider the different network factor levels and did not analyze results by behavior
(see Sections 4.1.4 and 4.2.4.

3.3.3  Procedure. Upon arrival, participants were provided with a hard copy of the informed consent document,
which they read and signed along with the experimenter. Participants were guided to the CAVE-like simulation
environment where verbal consent was obtained to place the SA-147/S AR HWD on their heads.

The SA-147/S AR HWD was fitted on the participants’ heads using the following procedure: (1) Fit onto the
head using knobs to tighten or loosen the back, sides, and top. (2) Rotate eyepieces down into position in front of
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the participant’s face. (3) Adjust eyepiece positioning by adjusting the angle (pitch) of the eyepieces to be vertical,
setting the height of the eyepieces to align with the participants’ eyes, adjusting the eyepieces backwards toward
the participant’s face to ensure closeness without contact, and independently adjusting each eyepiece laterally
while the participant closed the other eye to account for their interpupillary distance.

During the HWD adjustment process, a rectangular 2D calibration image was displayed to ensure that the
final adjustments permitted participants to see the AR imagery sharply and see all four edges of the FOV. Once
the HWD was calibrated, we performed a boresight calibration by instructing participants to gaze straight ahead
at a simulated horizon line and applying a one-time tracker pitch rotation offset.

Following the completion of HWD adjustment and tracker calibration, the experimenter briefed participants
on the search-and-selection task and experimental conditions. Participants were then given the opportunity to
practice the task until they felt comfortable to continue.

The experiment itself comprised baseline tasks conducted before and after a series of tasks incorporating the
experimental variables. Following the completion of the selection tasks, the HWD was removed and participants
were provided with questionnaires corresponding to each experienced latency and dropout level. In these
questionnaires participants were provided with graphics similar to Figures 4 and 8 to help remind them of the
different conditions. In addition, each trial was accompanied with a label identifying the current latency or
dropout level to ensure participants could differentiate between the different network factor levels. Participants
then completed a demographics questionnaire, received a debriefing, and were compensated monetarily.

4 Experiments on AR Network Factors

In this section, we describe the two experiments in which we evaluated the network factors latency and dropouts
using the material and methods described in Section 3. These experiments were approved by the institutional
review board (IRB) of our university and the United States Air Force Human Research Protection Program (USAF
HRPP).

4.1 Experiment E1: Latency

Here we describe the first of the two experiments, evaluating the effects of network latency. See Section 4.2 for
the description of the second experiment evaluating the effects of network dropouts.

4.1.1  Participants. We performed an apriori power analysis in G*Power [5] to estimate an appropriate sample size.
We calculated the sample size for a repeated measures, within factors ANOVA for 12 groups and 20 measurements,
large effect size of ry% = 0.2 and standard values of ¢ = 0.05 and 1 — § = 0.8. This yielded a minimum sample size
of 16 participants.

Based on this approximation we recruited 20 participants from our university community for this experiment,
and we obtained participants’ demographics using ACM’s DIE Demographics Questionnaire. Our participants
included 15 males, and 5 females, with ages between 21 and 42, M=25.2, SD=5.6. None of the participants
reported any motor or cognitive disabilities. All of the participants had normal or corrected-to-normal vision and
none of them reported any visual or vestibular disorders, such as color or night blindness, dyschromatopsia, or a
displacement of balance. The participants were either students or non-student members of our university commu-
nity who responded to open calls for participation and received monetary compensation for their participation.
The experiment took participants on average 30 minutes to complete.

4.1.2  Material. In this experiment, we used the task stimuli described in Section 3.1.3. We simulated different
levels of network latency in the AR stimuli. Specifically, we applied latency to the movement of the red diamond
AR tags that were registered with the humans with the red armbands. The effect of this latency was that the AR
tags lagged behind the movement of these humans with the red armbands. As there were two humans moving
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within a limited distance from each other and on similar motion paths, latency led to uncertainties among
participants as to which of the two humans the AR tag was registered with.

We decided to consider latency levels of magnitudes that are common in networked systems [7], i.e., beyond
that are common for regular AR tracking and rendering processes. Specifically, we decided to test latency levels
of +0 ms, +750 ms and +1500 ms. Compared to these simulated network latency levels, the base tracking and
rendering latency of our AR system was negligible. See Figure 4 for an illustration.

We formally controlled AR network latency in this experiment by using AR tag positions that were pre-
calculated. In this system, on each frame and for each AR tag we (a) computed the AR tag position as if there
were no latency and tagged it with the current system timestamp, and (b) inserted the timestamp-position pair
into a list ordered by timestamp. We used this list to simulate AR system latency by performing the following
on each frame for each AR tag: (1) We searched for the timestamp-position pair whose difference between key
timestamp and current system timestamp was closest to the desired latency. (2) We set the AR tag position to the
position in the resulting timestamp-position pair.

It is important to note that we simulated and introduced latency as network latency but not as tracking or
rendering latencies. By that we mean that the positions of the AR tags in the environment were delayed due to
network latency, but the general head tracking and rendering performance with respect to the AR HWD were not
slowed down or delayed. The rendering on the AR HWD was updated in real time based on the high performance
of our AR head-tracking system when participants rotated their heads in the experimental space. To ensure that
system latency would not affect our results, we measured the motion-to-photon latency of our AR system to
be 50ms, which we found to be very difficult to perceive compared to the simulated network latency levels of
750ms and 1500ms. During the experiment, no participants commented or noted significant baseline latency in
the system.

4.1.3 Study Design. To investigate trust in AR with respect to latency and different behaviors to perform the
360° search-and-selection task (see Section 3.2), we used a within=subjects design for our study with the following
network factor, baseline, and behaviors.

+ Latency (3 levels): We simulated the three different network latency levels of high (+1500 ms), medium
(+750 ms), and low (+0 ms).

+ Baseline (pre/post): We included two baseline tests (before and after the experimental trials), in which
participants wore the AR HWD, but it was turned off, i.e., participants had to base their decisions entirely
on the simulated real environment. We included these baselines mainly as a sanity check with respect to
learning effects during the study:.

+ Behaviors (4 levels): Additionally to the tracking factor listed above, we modeled the four considered
behaviors for completing the AR-supported visual search-and-selection task in the scope of this study,
which correspond to different levels of reliance on the AR system for the task together with lesser or
higher trust in AR.

Behaviors were blocked and randomized, with the order of latency conditions randomized within each behavior
block. Each condition was tested twice, once while rotating clockwise and once in counterclockwise direction to
avoid that our participants get entangled in the cables that were suspended from the ceiling.

4.1.4  Results. We analyzed the responses with repeated-measures analyses of variance (RM-ANOVAs) and Tukey
multiple comparisons with Bonferroni correction at the 5% significance level. We confirmed normality with
Shapiro-Wilk tests at the 5% level and QQ plots. Degrees of freedom were corrected using Greenhouse-Geisser
estimates of sphericity when Mauchly’s test indicated that the assumption of sphericity was not supported.

We found no significant difference between the clockwise and counterclockwise trials as well as the pre and
post baselines, so we pooled the responses with respect to our analysis.
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Fig. 4. lllustration of network latency in Experiment E1. Each row illustrates the positions of the red-team simulated human
(left human) and their corresponding AR tag at different times. For illustration purposes, the position of the blue-team
simulated human (right human) is fixed in these images, though they were also moving in the actual experiment. The
different network latencies are characterized by the AR tags lagging behind the position of the red-team simulated human
when they are moving.

Objective Data. The descriptive statistics for the elapsed trial times are shown in Figures 5 and 6, and the
statistical test results are shown in Table 1.

Our results show significant main effects for the latency levels and behaviors on elapsed time, but no interaction
effect between the two factors. Specifically, we found that elapsed times were significantly highest (= worst)
for the 1500 ms latency, followed by the 750 ms latency, and the 0 ms latency. Further, we found that Real-First
resulted in the significantly highest (= worst) elapsed time compared to the Real-Only and AR-First behaviors.

Our results further show significant main effects as well as interaction effects for the latency levels and
behaviors on type I and type II errors. Specifically, we found that both type I and type II errors were significantly
lowest (= best) for the 0 ms latency condition compared to the 750 ms and 1500 ms latency conditions. Moreover,
both type I and type Il errors were significantly highest (= worst) in the AR-Only condition compared to all other
conditions. In addition, since testing each condition involved 40 simulated humans (20 pairs, as discussed in
Section‘3.2), we find that mean error rates approaching 10% for each of Type I and Type II for the high latency
and AR-Only behavior condition. In contrast, for all other behavior conditions we see error rates below roughly
1/40 = 2.5% for each Type I and Type II errors.

Learning Effect Analysis. Learning effects were examined using linear mixed-effects models with trial index
treated as a continuous within-participant predictor and participant modeled as a random intercept. For all
analyses, the same model structure was used: DV ~ Trial + (1 | PID). Models were fit using maximum
likelihood estimation. A linear mixed-effects model predicting task completion time revealed a significant effect of
trial index (f = —0.112, SE = 0.019, t = —5.74, p < .001), indicating a reliable decrease in completion time across
successive trials. The random intercept variance for participant was o> = 21.01. For Type I error rates, trial index
was not a significant predictor (f = —0.002, SE = 0.007, t = —0.33, p = .75), indicating no systematic change
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Table 1. Experiment E1: Statistical test results for the latency network factor and objective performance.

Measures | RM-ANOVA | Factors | df; | dfg F P 17‘% Pairwise Comparisons
Latency | 1.42 | 26.88 | 7.89 | 0.005 0.29 | All pairs p<0.05

Behavior | 3 57 4.07 | 0.035 0.14 | All p<0.05: (Real-First > Real-Only),
(Real-First > AR-First)

Elapsed Time | Two-way

*

Latency
Behavior
Latency |2 38 10.18 | < 0.001 | 0.35 | All p<0.05: (750ms Latency > Oms Latency),
(1500ms Latency > Oms Latency)

Behavior | 1.24 | 23.50 | 33.51 | < 0.001 | 0.64 | All p<0.05: (AR-Only > Real-Only),
(AR-Only > Real-First), (AR-Only > AR-First)

3.08 | 58.60 | 2.27 | 0.088 0.11 | N/A

Type I Errors | Two-way

*

Latency ™| 5 45 | 46.06 | 9.03 | <0.001 | 0.32 | All p<0.05:
Behavior
For Oms Latency: None

For 750ms Latency: (Real-First > AR-First)

For 1500ms Latency: (Real-First > Real-Only)

For Real-Only behavior: None

For Real-First behavior: None

For AR-Only behavior: (750ms Latency > Oms Latency),
(1500ms Latency > 0ms Latency)

For AR-First behavior: None

Latency | 1.44 | 27.38 | 11.99 | < 0.001 | 0.39 | All p<0.05: (750ms Latency > Oms Latency),

(1500ms Latency > Oms Latency)

Behavior | 1.33 | 25.23 | 30.87 | < 0.001 | 0.62 | All p<0.05: (AR-Only > Real-Only),

(AR-Only > Real-First), (AR-Only > AR-First)

Type I Errors | Two-way

Latency ™ 1) g | 48.96 | 619 | 0.002 | 025 | All p<0.05:

Behavior

For Oms Latency: None

For 750ms Latency: (AR-Only > Real-Only),
(AR-Only > Real-First), (AR-Only > AR-First)
For 1500ms Latency: (AR-Only > Real-Only),
(AR-Only > Real-First), (AR-Only > AR-First)
For Real-Only behavior: None

For Real-First behavior: None

For AR-Only behavior: (750ms Latency > Oms Latency),
(1500ms Latency > Oms Latency)

For AR-First behavior: None

in false positive errors over trials. The participant-level random intercept variance was o = 0.22. Trial index
did not significantly predict Type II error rates (8 = —0.008, SE = 0.010, t = —0.86, p = .39). Participant-level
variance was 0% = 0.26, indicating stable miss rates across repeated trials.

Comparison to Baseline. To examine how each behavioral condition differed from baseline, we conducted
within-participant comparisons using paired two-sided tests. For elapsed time, performance differed significantly
from baseline only in the Real-First condition, which resulted in longer completion times relative to baseline
(t(19) = 3.41, p = .003, d = 0.72). No significant differences in elapsed time relative to baseline were observed for
AR-First (p = .278), AR-Only (p = .096), or Real-Only (p = .818). For Type I errors, error rates were significantly
higher than baseline for AR-First (#(19) = 2.23, p = .038, d = 0.51) and AR-Only (#(19) = 6.81, p < .001,
d = 2.12). Differences between baseline and Real-First (p = .193) or Real-Only (p = .094) were not statistically
reliable. For Type II errors, a significant increase relative to baseline was observed only for AR-Only (#(19) = 5.61,
p <.001, d = 1.57). No significant baseline differences were found for AR-First (p = .668), Real-First (p = .757),
or Real-Only (p = .615).
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Fig. 5. Experiment E1: Results for (a) Type | errors and (b) Type Il errors for the latency trials for the four behaviors and
baseline condition. Lower is better. The error bars show the standard error.
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Fig. 6. Experiment E1: Results for elapsed time for the latency trials for the four behaviors and baseline condition. Lower is
better. The error bars show the standard error.

Subjective Data. The descriptive statistics for the subjective responses are shown in Figure 7, and the statistical
test results are shown in Table 2.

Our results show significant main effects of the latency levels on both subscales of the TOAST questionnaire as
well as our single-item questionnaires for Trust, Reliance, Confidence, and Advantageous, but not for Difficulty.
All pairwise comparisons were significant (except for Difficulty). Overall, participants exhibited significantly
less trust, reliance, and confidence in the AR system and they felt that it was less advantageous the higher the
network latency was.

4.1.5 Discussion.

Network Latency. Our results show that network latency had a significant impact on participants’ task perfor-
mance in terms of both completion time and errors for our tested search-and-selection task. It took participants
less time to make their selection decisions and they made fewer false-positive and false-negative selection
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Table 2. Experiment E1: Statistical test results for the latency network factor and subjective assessment.

Measures RM-ANOVA | Factors | df; | dfg F P ry% Pairwise Comparisons

TOAST One-way Latency | 1.47 | 27.92 | 28.64 | <0.001 | 0.60 | All pairs p<0.05
System Understanding
TOAST One-way Latency | 1.54 | 29.35 | 86.18 | <0.001 | 0.82 | All pairs p<0.05
System Performance
Trust One-way Latency | 1.52 | 28.97 | 76.69 | <0.001 | 0.80 | All pairs p<0.05
Reliance One-way Latency | 2 38 88.31 | <0.001 | 0.82 | All pairs p<0.05
Confidence One-way Latency | 1.13 | 21.51 | 37.14 | <0.001 | 0.66 | All pairs p<0.05
Difficulty One-way Latency | 1.09 | 20.88 | 1.46 | 0.24 0.07 | N/A

Advantageous One-way Latency | 2 38 82.77 | <0.001 | 0.81 | All pairs p<0.05

errors when there was no simulated network latency. This result was not unexpected because latency introduces
ambiguity when determining which moving human was the selection target; and participants needed to take
more time to determine the correct human to select. However, it is interesting to see that the time required to
complete the task seemed to increase linearly with the network latency (see Figure 6).

It should be noted that the two simulated humans that participants had to decide between were moving in
similar patterns (walking back and forth between two points), so the red diamond AR tag followed similar paths
for both humans (red and blue armband). If the characters had moved in different and less predictable patterns, it
might have been easier for participants to disambiguate AR cues that were affected by latency. In other words,
our results are conservative in the sense that network latency would likely have less pronounced effects in less
demanding task scenarios.

Our experiment further showed that network latency significantly impacted participants’ trust in the AR
system. As latency increased, participants’ trust in the AR system decreased. As participants had to spend more
time and effort to interpret the information from the AR system with additional latency, and the AR information
became difficult to interpret, it affected participants’ trust in the AR system. Apart from trust, our results further
show similar significant effects for participants’ reliance on AR, confidence in their performance, and how
advantageous they rated the AR system.

Behaviors. The behaviors participants employed for the visual search-and-selection task had a significant main
effect on participants’ task completion time and errors. Specifically, Real-First was slower than AR-First and
Real-Only, and AR-Only resulted in more errors than any other behavior.

Looking at the AR-Only condition, in which participants relied only on the AR tags to make their selections,
the number of type I and II'errors made by participants is very noticeable. However, it is further noticeable
that these errors all but disappeared when participants used a behavior by which cues from both information
channels (AR tags vs. armbands) were integrated and cross-verified (i.e., AR-First or Real-First). One may expect
this integration to result in a significant increase in elapsed time, but we found no significant difference between
AR-Only and the other conditions. However, we found a significant difference between AR-First and Real-First
in elapsed time, showing that between these two behaviors that integrate both information channels, AR-First
seems preferable over Real-First.

If faced with the decision between one of these behaviors, a decision which will likely be affected by participants’
level of trust in and reliance on the system, we see the pattern that the AR-First behavior is generally preferable
over the Real-First behavior, and both are preferable over the AR-Only behavior. Both the AR-First and Real-First
behaviors reduce errors, but the Real-First behavior was the slower (= worse) condition compared to the AR-First
behaviors. It is further noticeable that with increasing AR network latency levels, there may come the point
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Fig. 7. Experiment E1: Subjective data results for the three levels of latency with (a) Single-ltem Questionnaires and (b)
TOAST Questionnaire. Higher is better (except for Difficulty). The horizontal lines with crosses in the middle indicate those
pairs that were not significant (p > 0.05). The error bars show the standard error.

for applications where it may increase performance to disregard the AR information entirely and rely only on
real-world cues.

Interactions. We only found significant interactions between latency and behavior for type I and II errors.
These interactions primarily center around the AR-Only behavior. These demonstrate that when participants only
follow the AR cue without confirming the correctness of the current cue placement, participants risk selecting
simulated humans that are only nearest to the AR cue due to the cue placement offset caused by latency in cue
placement updates.

4.2 Experiment E2: Dropouts

Here we describe the second of the two experiments, evaluating the effects of network dropouts. See Section 4.1
for the description of the firstiexperiment evaluating the effects of network latency.

4.2.1 Participants. The same participants as in Experiment E1 took part in this experiment (see Section 4.1.1).
Participants completed E2 after E1. The inclusion of familiarization, the high number of task repetitions, and the
simplicity of the search-and-selection task mitigate potential learning effects in task completion. The experiment
took participants on average 30 minutes to complete.

4.2.2  Material. In this experiment, we followed a similar approach for dropouts as described for latency in
Section 4.1.2. Here, we simulated network dropouts by controlling how often the AR tags that were shown on
the AR HWD were updated. Dropouts were characterized by the AR tags freezing in place for the duration of
the simulated network issue. Hence, the red diamond AR tags that were otherwise registered with and followed
the movements of the simulated humans with the red armbands remained spatially in place. Once the dropout
ended and the simulated network connection resumed, the red diamond AR tags immediately caught up with
their registered positions over the heads of the humans with the red armbands.

We simulated three levels of network dropouts in this experiment. In order to select ecologically valid dropout
ranges, we first looked at the literature for examples of severe dropout rates [37], leading to our decision to target
a dropout level of 50% for the high dropout level. We also added an intermediate level with half the dropout
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Fig. 8. lllustration of network dropouts in Experiment E2. Each row illustrates the positions of the red-team simulated human
(left human) and their corresponding AR tag at different times. For illustration purposes, the position of the blue-team
simulated human (right human) is fixed in these images, though they were also moving in the actual experiment. Network
dropouts here are characterized by the position of the AR tag not being updated in some of the frames, i.e., the AR tags seem
to be frozen in place during network dropouts even when the red-team simulated human is moving. The time scale refers to
the duration of the dropouts, as discussed in Sec. 4.2.2.

interval as the high condition, or 25%. Together, we simulated the following levels of network dropouts (see also
Figure 8 for an illustration):

« 0% dropout, no network dropouts.
* 33% dropout, 250 ms dropouts every 500 ms, meaning that 33% of the time the AR tags were not updated.
« 50% dropout, 500 ms dropouts every 500 ms, meaning that 50% of the time the AR tags were not updated.

We formally controlled AR network dropouts in this experiment with a timer in the rendering system as
follows: (1) During time periods without dropouts, AR tags would move as nominal with the simulated humans.
A timer starts for the amount of time specified between dropouts depending on the experimental condition. (2)
The timer accumulates each frame by adding the amount of time between the current frame and the last frame.
Each frame the timer checks if the total elapsed time is greater than or equal to the set time amount. (3) Once the
timer expires, the position of AR tags cease to be updated, causing them to stay still as if the system providing
information is experiencing a network dropout. (4) A new timer starts for the dropout time, as determined by the
experimental condition. This timer behaves the same as in Step 2. (5) Once the timer from Step 4 expires, AR tag
positions resume to be updated as before, returning to Step 1.

As also noted in Section 4.1.2, it is important to highlight that we simulated network dropouts but not tracking
or rendering dropouts, i.e., while the positions of the AR tags in the environment around participants were not
updated during network dropouts, the rendering on the AR HWD was still updated based on our AR head-tracking
system. In other words, the AR tags remained spatially in-place in the environment when participants rotated
their head in the experimental space.
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Table 3. Experiment E2: Statistical test results for the dropout network factor and objective performance.

Measures | RM-ANOVA | Factors | df; | dfg F P 17‘% Pairwise Comparisons
Dropouts | 2 38 9.50 | <0.001 | 0.33 | All p<0.05: (33% Dropouts > 0% Dropouts),
(50% Dropouts > 0% Dropouts)

Behavior 3 57 3.73 | 0.016 0.16 | All p<0.05: (Real-First > AR-First)

Elapsed Time | Two-way

Dropouts ™ | | 114 | 104 | 040 0.05 | N/A
Behavior
Dropouts | 2 38 9.50 | 0.19 0.08 | N/A

Behavior 1.50 | 28.51 | 9.13 | 0.002 0.33 | All p<0.05: (AR-Only > Real-Only),

Type I Errors | Two-way (AR-Only > Real-First)

Dropouts * | ) 43 | 9533 | 0.96 | 0.46 0.48 | N/A
Behavior
Dropouts | 2 38 0.46 | 0.64 0.02 | N/A

Behavior 1.26 | 23.95 | 10.65 | 0.002 0.34 | All p<0.05: (AR-Only > Real-Only),

Type I Errors | Two-way (AR-Only > Real-Fitst); (AR-Only > AR-First)

Dropouts *

. 1.85 | 38.06 | 0.19 0.081 0.01 | N/A
Behavior

4.2.3 Study Design. To investigate trust in AR with respect to dropouts.and different behaviors to perform the
360° search-and-selection task (see Section 3.2), we used a within-subjects design for our study with the same
baseline and behaviors as in E1 in addition to 3 levels of Dropouts: high (50%), medium (33%), and low (0%).
Behaviors were blocked and randomized, with the order of dropout conditions randomized within each behavior
block. Each condition was tested twice, once while rotating clockwise and once in counterclockwise direction to
avoid that our participants get entangled in the cables that were suspended from the ceiling.

4.2.4  Results. We analyzed the responses with repeated-measures analyses of variance (RM-ANOVAs) and Tukey
multiple comparisons with Bonferroni correction at the 5% significance level. We confirmed normality with
Shapiro-Wilk tests at the 5% level and QQ plots. Degrees of freedom were corrected using Greenhouse-Geisser
estimates of sphericity when Mauchly’s test indicated that the assumption of sphericity was not supported.

We found no significant difference between the clockwise and counterclockwise trials as well as the pre and
post baselines, so we pooled the responses with respect to our analysis.

Objective Data. The descriptive statistics for the elapsed trial times are shown in Figures 9 and 10, and the
statistical test results are shown in Table 3.

Our results show significant main effects for the dropout levels and behaviors on elapsed time, but no interaction
effect between the two factors. Specifically, we found that elapsed times were significantly lowest (= best) for the
0% dropouts compared to the 33% and 50% dropout conditions. Further, we found that Real-First resulted in a
significantly higher (= worse) elapsed time than the AR-First behavior.

Our results further show significant main effects for the behaviors on type I and II errors. Specifically, we found
that type I errors were significantly higher for AR-Only than the Real-Only and Real-First behaviors. Moreover,
we found that type II errors were significantly higher for AR-Only than the Real-Only, Real-First, and AR-First
behaviors. The average error counts can be converted to error rates (20 pairs of simulated humans per trial and
two trials per condition as discussed in Section 3.2) yielding error rates about 2.5% for each of Type I and Type II
for the 50% dropout and AR-Only behavior condition.

Learning Effect Analysis. Learning effects were examined using linear mixed-effects models with trial index
treated as a continuous within-participant predictor and participant modeled as a random intercept. For all
analyses, the same model structure was used: DV ~ Trial + (1 | PID). Models were fit using maximum
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Fig. 9. Experiment E2: Results for (a) Type | errors and (b) Type Il errors for the dropouts trials for the four behaviors and
baseline condition. Lower is better. The error bars show the standard error.
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Fig. 10. Experiment E2: Results for elapsed time for the dropouts trials for the four behaviors and baseline condition. Lower
is better. The error bars show the standard error.

likelihood estimation. The model predicting task completion time showed no significant effect of trial index
(B = —0.018, SE = 0.021, ¢ = —0.86, p = .39), indicating no systematic change in completion time across trials.
The estimated random intercept variance for participant was ¢ = 19.44. Trial index was not a significant
predictor of Type I error rates (f = 0.006, SE = 0.010, t = 0.61, p = .54). The participant-level random intercept
variance was o2 = 0.31. For Type II error rates, trial index did not significantly predict performance (8 = 0.004,
SE = 0.009, t = 0.44, p = .66), with participant-level random intercept variance o = 0.29.

Comparison to Baseline. To examine how each behavioral condition differed from baseline, we conducted
within-participant comparisons using paired two-sided tests. For elapsed time, completion times differed signif-
icantly from baseline only for Real-First (#(19) = 2.84, p = .010, d = 0.50). No significant baseline differences
were observed for AR-First (p = .984), AR-Only (p = .941), or Real-Only (p = .962). For Type I error, error rates
were significantly higher than baseline for AR-First (t(19) = 2.76, p = .012, d = 0.59), AR-Only (t(19) = 3.93,
p < .001, d = 1.07), and Real-Only (t(19) = 2.67, p = .015, d = 0.67). The difference between Real-First and
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Table 4. Experiment E2: Statistical test results for the dropout network factor and subjective assessment.

Measures RM-ANOVA | Factors | df; | dfg F P rﬁ) Pairwise Comparisons

TOAST One-way Dropouts | 1.10 | 21.00 | 25.14 | <0.001 | 0.57 | All pairs p<0.05
System Understanding
TOAST One-way Dropouts | 1.08 | 20.50 | 27.50 | <0.001 | 0.59 | All pairs p<0.05
System Performance

Trust One-way Dropouts | 1.21 | 23.12 | 37.01 | <0.001 | 0.66 | All pairs p<0.05
Reliance One-way Dropouts | 1.05 | 19.89 | 17.59 | <0.001 | 0.48 | All pairs p<0.05
Confidence One-way Dropouts | 1.12 | 21.37 | 12.44 | <0.001 | 0.39 | All pairs p<0.05
Difficulty One-way Dropouts | 1.06 | 20.24 | 15.69 | <0.001 | 0.45 | All pairs p<0.05
Advantageous One-way Dropouts | 1.12 | 21.30 | 22.03 | <0.001 | 0.54 | All pairs p<0.05

Dropout Levels: [0 [[]33% [l 50%

l Dropout Levels: [0 [[]33% [l 50% ‘

7 7
All pairs significant All pairs significant

6 6

5 5 +
8 8
5+ g¢
3] 3]
n (7]

3 3

2 2

1 1

Trust Reliance Confidence Difficulty Advantageous Y System
Understanding Performance
(a) Single-Item Questionnaires (b) TOAST Questionnaire

Fig. 11. Experiment E2: Subjective data results for the three levels of dropout with (a) Single-ltem Questionnaires and (b)
TOAST Questionnaire. Higher is better (except for Difficulty). All pairs were significant. The error bars show the standard
error.

baseline was not statistically significant (p = .242). For Type II error, a significant difference from baseline was
again observed only for AR-Only (¢(19) = 2.30, p = .033, d = 0.62). Baseline comparisons for AR-First (p = .606),
Real-First (p = .490), and Real-Only (p = .828) were not significant.

Subjective Data. The descriptive statistics for the subjective responses are shown in Figure 11, and the statistical
test results are shown in Table 4.

Our results show significant main effects of the dropout levels on both subscales of the TOAST questionnaire as
well as our single-item questionnaires for Trust, Reliance, Confidence, Difficulty, and Advantageous. All pairwise
comparisons were significant. Overall, participants exhibited significantly less trust, reliance, and confidence in
the AR system the higher the network dropouts were. They further felt that the task was more difficult and the
AR system less advantageous the higher the network dropouts were.

4.2.5 Discussion.
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Network Dropouts. The results of Experiment E2 indicate that the network dropout levels of the AR tags had a
significant effect on participants’ task performance for our tested search-and-selection task. Adding dropouts
caused participants to take more time to complete the task (see Figure 10), but it is interesting that it did not
cause them to make more errors (see Figure 9), which stands in stark contrast to the results for network latency
discussed in Section 4.1.5.

A potential explanation for these findings is that increased dropouts meant that participants needed more time
to determine which human the AR tag was registered to. The fact that participants did not make more errors
in high-dropout conditions supports this claim, i.e., when participants detected a dropout occurred (which was
obvious because the simulated humans in our study were consistently moving), they waited for the dropout to
resolve before selecting a human. However, it is further interesting to note that we do not see a linear increase in
elapsed time due to network dropouts but rather a plateau effect for higher dropouts, suggesting that participants
were able to adapt to the dropouts and complete the task with comparatively high performance even for high
dropouts.

Based on the subjective questionnaire data, participants trusted the AR system significantly less as the network
dropout levels increased. Further, they also indicated that dropouts significantly affected their reliance on AR,
how difficult they perceived the task, their confidence in their task performance, and how advantageous they
perceived the AR system for the task.

Behaviors. Behavior had a significant main effect on participants’ task ‘completion time and errors. Specifically,
Real-First was slower than AR-First, and AR-Only resulted in more errors than other behaviors. In contrast to the
results for latency in Experiment E1, it is interesting to see that dropouts did not introduce additional errors for
the AR-Only behavior beyond its intrinsic base error rate.

However, it can be seen that these errors were greatly reduced when participants used the AR-First or Real-First
behaviors, i.e., when participants integrated cues from both information channels (AR tags vs. armbands). Similar
to our results for latency in Experiment E1, the AR-First behavior showed significantly faster elapsed times
compared to Real-First. Hence, as discussed in Section 4.1.5, if faced with the decision between one of these
behaviors, it seems that the AR-First behavior is generally preferable over the Real-First behavior, and both are
preferable over the AR-Only behavior.

4.3 General Discussion

In this section, we summarize the main results from our two experiments and provide a general discussion.

4.3.1 Higher Task Performance for Lower Latency and Dropouts. The appearance of both latency or dropouts
caused participantsto take longer to complete the tasks. While the high latency condition elicited longer task
completion times compared to the intermediate latency condition, the high dropout condition did not generate
significantly higher elapsed times compared to the intermediate dropout condition.

The result that elapsed time increased as latency increased may indicate that participants do not adopt a
fixed-time strategy to overcome the registration error that latency introduces, as has been explained in prior
work [18]. When the distance between the AR cue and the simulated human increases, then it may become
more difficult to transfer attention back and forth between the cue and simulated human, increasing the time to
complete the task. Since higher latency increases the distance between the moving simulated human and the AR
cue, it could then be expected that task completion time would increase, as well.

This explanation also addresses why task completion time with dropouts does not increase with additional
dropouts. Increasing dropout time does not uniformly increase the distance between the AR cue and the simulated
human target, as the distance varies depending on how long it has been since the dropout began. Furthermore,
during the time that dropouts are not occurring, the AR cue is perfectly registered to the target. Therefore, for
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a large portion of the interaction the distance between the AR cue and the simulated human target does not
increase with dropout time. Even though the search-and-selection task is the same as in the latency conditions,
we may not expect task completion time to increase with dropouts the same way as with increases in latency for
this reason.

For both type I and II errors, we found that latency level had a significant main effect while dropout level
did not (see Tables 1 and 3). One explanation for this difference is similar to the explanation for the differences
between the two factors with regards to task completion time. Increasing latency creates a greater error in the
registration of the AR cue, making the task more difficult, as discussed above and in Section 4.1.5. On the other
hand, when participants encountered dropouts the AR cues were correctly registered to the simulated human for
part of the time, allowing participants to avoid errors by observing the position of the cue during this time, as
discussed above and in Section 4.2.5.

Thus, one explanation for the differences in the effects of latency and dropouts on participants’ task performance
is due to differences in how latency and dropouts affect the distance between the cue and the target simulated
human over the duration of the task, with latency consistently creating larger distance with larger latency and
dropouts creating no distance at all for part of the interaction.

4.3.2  Higher Trust, Reliance, Confidence, and Perceived Advantages of the AR System for Lower Network Latency
and Dropouts. TOAST ratings on both dimensions, subjective responses to-our trust, reliance, confidence, and
advantageous questions all decreased, i.e. declined, as latency and dropout duration increased. This is expected, as
problems affecting registration are usually obvious to the user and directly impact user experience. It is notable
that all pairs of dropout level demonstrated a significant effect/on these subjective ratings, in contrast with
objective measures where there were only significant differences between (0%, 25%) dropout and (0%, 50%) dropout.
One explanation for this discrepancy is a mismatch between an awareness of additional system degradation,
i.e. worsened dropout duration, versus the robustness of user strategy to the degradation, e.g. using the periods
where there were no dropouts to successfully complete the task. Users perceive a decrease in trustworthiness,
desire to rely, confidence in their own performance, and advantageousness of the system, as well as an increase
in task difficulty, as dropout duration increases despite using the system to equal success between the two
dropout conditions. These subjective factors may lead to changes in reliance choices in the real-world, where we
cannot always enforce behaviors on end users. For example, even if an interface is designed to be objectively
performant in poor network conditions, users may still choose to disuse the system due to the perception that
poor network conditions have compromised the usefulness of the system. It will be necessary to also design
networked AR systems to support both robust objective performance and robust subjective evaluations during
network difficulties.

4.3.3 Mismatches Between Perceived Difficulty and Task Performance. For perceived difficulty, latency level did
not show a significant effect while dropouts did. This contrasts with our objective results, where task performance
decreased as latency increased but did not significantly vary between the low and high dropout condition. It
would be expected that subjective results mirror objective performance measures; subjective ratings decrease as
latency increases and subjective ratings stay the same for low and high dropout conditions. Instead, we see the
opposite effect: difficulty ratings do not change by latency condition and all ratings are significantly affected
by dropout level. In prior work, users incorrectly perceived latency to be minimally impactful on their task
performance, despite objective results showing a clear detrimental effect of latency on performance [18]. It is
possible that participants found the task of compensating for latency offsets to be easy to understand and execute,
despite its clear effects on objective performance. It is well known that users do not always properly understand
the relative effects of user interface factors on performance [28]. In this case, participants’ perception of the
difficulty that latency introduces may rely on heuristics and assumptions that are not aligned with the actual
nature of the task at hand. It is also notable that latency introduces a greater possibility for error compared to

ACM Trans. Appl. Percept.



User Performance and Trust with Network-Connected Augmented Reality Head-Worn Displays in Unstable Network Environments « 23

dropouts. In the latency conditions, the AR cues are almost never correctly placed, leading to predictably high
error rates when using the AR-Only behavior. We do not observe this interaction for dropouts, indicating that
the nature of the effects introduced by latency is more prone to causing errors.

With dropouts, we see another mismatch between perceived difficulty and objective performance, but in
reverse: the objective performance did not change between the medium and high dropout conditions, i.e. the 33%
and 50% dropout conditions, although difficulty ratings significantly increased between them. It is possible that
the same explanation for the mismatch between perceived difficulty and performance in the latency conditions
applies to dropout, that participant perception the impact of dropouts on task difficulty is not calibrated with
factors that make the task harder to complete.

Taken together, these results demonstrate that even a seemingly simple task such as search-and-selection can
trigger complicated relationships between subjective experience and human performance when subjected to
relatively straightforward network degradations like latency and dropouts. It is important to manage network
performance to mitigate the risk that poor network performance may contribute to disconnects between a user’s
subjective evaluation of their task and the reality of the work that is being done, potentially impacting decision
making based on these factors.

4.3.4 Highest Trust and Reliance on AR Does Not Necessarily Result in Highest Task Performance, But Verification
Behaviors Mitigate Errors. Our evaluations of network factors in Experiments E1 and E2 indicate that participants
made significantly more errors with the AR-Only behavior compared to the other behaviors in the context of a
dynamic task with cluttered targets. Ostensibly, this is due to the fact that the AR-Only behavior prevents users
from using information from the armband and only depend on the AR cues. So AR cues affected by latency and
dropout errors resulted in higher errors. Thus in real-world situations where increased latency and connectivity
interruptions are expected, it is important that users do not demonstrate complete reliance on AR cues.

In the Real-First and AR-First behaviors, participants were able to compare AR cue information with the
environment and use both sources of information in the search-and-selection. In both experiments, AR-First
behaviors resulted in faster task completion times than Real-First behaviors without increasing type I or II errors.
This is interesting because both behaviors'integrate information from the same sources, AR cue and environment.
One explanation for this is the difference in the saliency between the AR cues and the simulated humans. Despite
the registration errors caused by latency and dropouts, the movement of the AR cues and simulated humans
provide information about each other. The movement of the AR cues can tell the user how fast the simulated
humans move and what their paths look like, and vice versa. Yet the AR cues are more salient than the simulated
humans wearing uniforms, potentially making this movement information easier to understand and easier to
convert into cues on simulated human positioning than using information on simulated human movement to
understand the movement of the AR cues. This mirrors prior work on “naive realism” where simpler, functional
displays outperform realistic ones by displaying only the relevant information for the task [28]. In this case, the
walking simulated humans contain visual information not just on their armband color, but also on their uniform
pattern, the animation of their appendages, and what way they are facing, all of which is not useful to the user
whose next task will be to locate the AR cue. Thus the AR-First behavior results in faster task performance times
due to the simple AR cues communicating target movement cues better than the more realistic simulated humans.
Future work may further investigate the differences between the Real-First and AR-First behaviors to elucidate
the mechanism behind this performance disparity.

4.3.5 Limitations and Future Work. In our experiments we evaluated the effects of two network factors with
three levels each. Due to the large number of conditions and complexity of our experiments, we were not able to
compare more than three levels of latency and dropouts. We decided on the levels we tested based on practical
considerations with Internet/network connections, 4G/5G cellphone connections, the literature, and our own
experience, but we acknowledge that we did not include further extremes and in-between values. We make no
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claims about network factors beyond the values we tested in our experiments. Interested researchers may evaluate
these aspects in future work. For instance, even higher network performances may be interesting to evaluate
in the context of edge processing or peer-to-peer AR system networks, and the effects of even lower network
performances may be interesting in the context of cloud processing or contested AR network environments.
Further, different methods may be used to compensate for and reduce the effects of network latency or dropouts,
such as predictions based on extrapolated linear or nonlinear AR tag movements. It would be interesting to
evaluate the tradeoffs with such compensation methods related to AR users’ task performance and subjective
assessments of the system.

In our procedure, we trained and prompted participants to ensure they understood the behaviors they were to
implement during the experiment. Future work could employ techniques such as gaze tracking to independently
verify that participants were employing the behaviors as instructed.

There are many factors that can potentially impact visual search-and-selection performance including gen-
der [14, 33] and prior experience with AR devices. These factors may have an influence on performance with one
behavior over another, as well as the actual selection of behaviors in the real world. Though we did not find a
specific reason to expect gender or other factors to affect the degree to which latency and dropouts could affect
user performance and trust, future work can investigate the effects of these and other factors on trust behaviors
through techniques such as the use of balanced gender samples and the employment of surveys accounting for
experience with AR devices.

The search-and-selection task we employed was very easy in that the baseline task is easy to complete unaided.
It would be interesting to see how task performance and attitudes towards an AR system with network errors
would change in a scenario where completion of the task is very difficult without the AR system. Such tasks
could include identifying targets in brownout, whiteout, or.blackout conditions; targets in a crowd; and targets
whose movement makes identifying visual features becomes difficult.

We administered the subjective self-report questionnaires at the end of all trials for all conditions together,
as outlined in Section 3.3.3. This has the advantage of making it easier for participants to differentially rate
conditions relative to each other but not going so far as to force a ranking, as well as shortening the overall length
of the experiment. This method has the limitation that their ratings are prefaced by the sum of the experiences
and may not fully reflect their opinions at the moment of completing each trial. This is contrasted with the
objective results, which by their nature reflect performance as it happens. The mismatch between subjective and
objective results discussed earlier may change if questionnaires were administered directly after each condition.

5 Conclusion

In this paper we presented the results of two experiments we conducted to evaluate the effects of network errors
on AR users’ objective performance and subjective assessments of the technology in the scope of connected AR
HWD systems in which spatial task-relevant cues are provided over a network connection. Our results highlight
the importance of considering network factors in connected AR systems, their effects on objective performance,
subjective perception, trust, and reliance, and implications they have on the choice and effectiveness of different
behaviors when completing real-world tasks supported by AR information. The results provide insights and
implications for the design and development of connected AR systems and applications in a wide range of task
contexts.
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