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ABSTRACT

The integration of Al has significant o pportunities f or e nhancing human-machine
collaboration, particularly in dynamic environments like the construction industry,
where excessive information affects decision-making and coordination. This study
investigates how visual attention distribution relates to SA development under
information overload by addressing three research questions: (1) How does visual
allocation relate to individual SA under information overload? (2) How does visual
allocation influence s hared S A f ormation? ( 3) D o h igh-shared S A t eams exhibit
different visual allocation patterns compared to low-shared SA teams? To answer
these questions, a multi-sensor virtual reality (VR) construction environment is created
as testbed that includes realistic task simulations involving both human teammates
and Al-powered cobots (e.g., drones and robotic dog). Participants completed a
pipe installation task when navigating construction hazards like falls, trips, and
collisions, while experiencing varying degrees of information overload. Shared
situation awareness (shared SA)—the shared understanding of tasks and
environmental conditions—was assessed using the situation awareness global
assessment technique (SAGAT) and eye movements were tracked using Meta
Quest Pro. The relationship between eye-tracking metrics and SA/shared SA scores is
analyzed using linear mixed-effects models (LMMs) and a two-sample t-test
compared visual allocation patterns between high- and low-shared SA teams.
Results indicate that eye tracking metrics can predict SA's levels, an individual's
SA may also be enhanced through dyadic communication with team members,
allowing participants to acquire updates without directly seeing the changes.
Furthermore, high shared SA teams significantly allocated more attention to
environment-related objects and exhibited a more balanced visual allocation pattern
(run count and dwell time) on task- and environment-related objects. In contrast, low
shared SA teams were more task-focused, potentially reducing their awareness of
broader situational risks. These findings helps to identify at-risk workers using their
psychophysiological responses. This research contributes to developing safer and
more effective human-Al collaboration in construction and other high-risk industries
by prioritizing shared SA and Al-driven personalized feedback.
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INTRODUCTION

Integrating Al into the construction industry transforms traditional
workflows, enabling enhanced safety, efficiency, and collaboration between
human workers and intelligent machines (Rane, 2023; Sakib and Behzadan,
2025). Al-powered systems, such as drones and robotic assistants, are
increasingly being adopted to automate repetitive tasks, detect hazards, and
improve safety management (Ojha et al., 2023). However, besides the benefit
of these advancements, new challenges were also generated, particularly
in high-stress environments where workers must process and respond to
a large volume of information in real-time. The cognitive demands of
such information-rich settings can lead to information overload, impacting
workers’ hazard perception and overall team coordination. Therefore, it is
important to study the impact of information overload on performance in
human-AlI collaboration.

To understand how individuals and teams process and respond to complex
environments under information overload, one should study situation
awareness (SA) at individual and team level (i.e., shared situation awareness-
shared SA). SA is defined as the perception (level 1), comprehension (level 2),
and projection (level 3) of changes in one’s surroundings. At the same time,
shared SA extends this concept to a collective level, emphasizing the shared
understanding of changes in the surroundings (Endsley, 1995), emphasizing
the shared understanding of tasks, environmental conditions, and team
dynamics. Since construction tasks are highly interdependent, maintaining
shared SA is crucial for effective coordination, hazard perception, and
real-time decision-making (Cheng and Esmaeili, 2024).

The increasing integration of Al-powered teammates, such as robotic
cobots and drones, adds another layer of complexity, requiring workers to
incorporate Al-generated data into their shared mental model. If shared
SA is compromised, the likelihood of misunderstanding, decision-making
mistakes, and safety mishaps increases. In addition, SA is particularly
vulnerable to information overload, which can fragment attention and
disrupt team coordination (van de Merwe et al., 2024). To better understand
the impact of information overload on SA, it is important to measure critical
cognitive processes such as attention (e.g., via tracking eye movements).

In order to address this knowledge gap, this study examines the impact of
information overload on SA (individual and team) in human-AI construction
teams using a multi-sensor VR simulation. During the experiments, pairs of
participants collaborate with both human teammates and Al-powered cobots
in a pipe installation task while dynamic hazards are potentially happening
in their surroundings. To ensure a comprehensive shared SA assessment,
this study adopts a multi-faceted measurement approach, addressing the
limitations of individual methods and enhancing cross-validation (Endsley
and Jones, 2003). The Situation Awareness Global Assessment Technique
(SAGAT) is used as a direct SA measurement, while eye-tracking technology
serves as an indirect SA measurement, analyzing attention patterns to
assess cognitive resource allocation. This multi-modal approach provides a
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more complete and dynamic understanding of shared SA, offering valuable
insights into optimizing human-Al collaboration in high-risk construction
environments.

LITERATURE REVIEW

This section presents three subsections: shared SA in dynamic environments,
information overload and hazard perception, and eye-tracking techniques for
SA in construction.

Information Overload and Hazard Perception

Information overload occurs when the volume and complexity of incoming
data exceed an individual’s cognitive capacity, leading to performance
declines, slower decision-making, and increased errors (Arnold et al., 2023;
Howie et al., 2023; Phillips-Wren and Adya, 2020). Moreover, information
overload has been linked to increased stress, which shifts decision-making
from analytical reasoning to instinctive, error-prone choices (Misra et al.,
2020).

In construction, where workers must process Al-generated alerts, digital
blueprints, and real-time site conditions, information overload can disrupt
hazard perception and team coordination, increasing the likelihood of safety
incidents (Viscusi and Zeckhauser, 1996). Although information overload
has been widely studied at the individual level, its implications on shared SA
remain unclear, even though it plays a vital role in team coordination and
hazard mitigation.

Shared SA in Dynamic Environments

The study of SA has been well-established across various high-risk industries,
including healthcare, aviation, military, and sports, with numerous validated
methods for its measurement (Ge et al., 2022; Huffman et al., 2022).
Common SA assessments include freeze-probe, self-rating, observer-rating,
and process indices techniques that help evaluate an individual’s SA (Nguyen
et al., 2019), and factors such as individual cognitive capacity, task attribute,
and environmental conditions are known to significantly influence SA
(Zhang et al., 2021). While SA has been investigated significantly at an
individual level, studies explicitly focusing on shared SA are relatively scarce.

Shared SA extends SA beyond individual cognition, focusing on how team
members align their understandings of tasks, environments, and shared goals.
For a group of two people, different states of shared SA may exist, including
(a) both are correct, (b) one is correct, and (c) both are incorrect (Figure 1)
(Endsley, 2001). These variations significantly influence team performance,
as misaligned SA can lead to errors, miscommunication, and safety risks
(Jentsch et al., 1997). However, there is limited knowledge regarding how
teams distribute visual attention and develop shared SA. Eye tracking, as
a direct measure of visual attention, can help researchers understand how
attention is related to shared SA development.
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Figure 1: Different states of shared SA.

Tracking eye movements has gained traction for assessing SA, offering an
objective, non-intrusive method to measure visual attention during hazard
identification tasks (Zhang et al., 2023). For example, Hasanzadeh et al.
(2018) conducted field research to explore the relationship between testers’
SA and attention under fall and tripping hazard conditions, demonstrating
that eye-tracking can effectively capture how workers allocate visual
resources in high-risk environments.

However, using eye-tracking to measure SA has some shortcomings as
it does not directly reflect cognitive processes such as decision-making
processes (Kok and Jarodzka, 2017). Additionally, most eye-tracking
research has focused on individual SA, there is limited knowledge regarding
its application in assessing shared SA. Considering that, in addition to visual
attention, higher shared SA also requires enhanced team communication
and shared understanding, there is a knowledge gap regarding the role of
attention in enhancing shared SA at different levels.

POINTS OF DEPARTURE

This study investigates the relationship between visual attention distribution
and SA (individual and team levels) under information overload conditions.
Specifically, it examines whether visual attention distribution toward
different Areas of Interest (AOIs), including task-, environment-, and
group-related elements, correlates with individual SA and shared SA scores.
Therefore, this study tested three main hypotheses: (H;) Whether there is a
correlation between visual allocation towards AOIs and individual SA scores
under information overload; (Hy) Whether there is a correlation between
visual allocation towards AOIs and shared SA scores under information
overload; and (H3) whether high-scored shared SA teams exhibit different
visual allocation patterns compared to low-scored ones. The third hypothesis
suggests that shared SA is not only a function of individual attentional
allocation but also a team-level phenomenon.

METHODOLOGY

Experiment Setup and Task Design

This study was conducted in the Col-Con VR environment, exploring
cooperative behaviors among multiple users and Al agents (Yu et al., 2024).
The experiment utilized Meta Quest Pro, which features full-body tracking
and eye-tracking capabilities, providing an immersive experience through
real-time voice communication, synchronized transformations, animations,
sounds, and interactive virtual objects. Participants could move within an
open 16°*26’ space and verbally coordinate with their human teammates to
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complete the task. Each participant was assigned a specific role and received
partial task information, requiring them to communicate and exchange
layout details to obtain a complete understanding of the plan before executing
the installation. The Al system played a multifunctional role by providing
audio cues for hazard alerts and task updates, supporting pipe installation
through robotic cobots (a robot dog and drones), and offering a virtual Ul
for ordering and cutting materials.

Five pairs of participants were recruited to complete the task while
interacting with Al-powered teammates and handling potential accidents
such as struck-by hazards. At the start of the experiment, participants
engaged in information exchange and coordination while common
construction vehicles (excavators, forklifts, and trucks) operated in the
background, creating a dynamic and hazard-prone environment. In addition,
five instances of information overload, where they received irrelevant audio
distractions (e.g., please give me your availability tomorrow for the shipment
arrival), will be given randomly to participants throughout the session.
They were required to respond aloud while continuing their task, simulating
cognitive load under external interruptions. Before the 10-minute experiment
froze, an impending hazard was introduced, accompanied by an Al-generated
audio cue (e.g., warning: a truck is going to back up) to warn participants of
the potential danger. The framework of the methodology can be referred to
in Figure 2.
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Figure 2: The methodology framework of this paper.

Shared SA and Eye-Tracking Data Measurement

The experiment employed a multi-faceted measurement approach to assess
shared SA, combining direct and indirect SA assessments. SAGAT (Endsley,
1988) was conducted immediately after the scenario freeze as a direct SA
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measurement while eye-tracking data served as an indirect SA measurement.
Participants answered 46 SAGAT queries independently across three topics—
task, environment, and group awareness, each divided into three SA levels.
Correct responses were scored as 1, and shared SA was recorded when both
participants provided the same or correct answer.

Virtual objects were categorized into different areas of interest (AOIs)
(Table 1). The run count metric represents how frequently participants
shifted their focus to a specific AOI, and dwell time captures the duration
spent fixating on an AOI The average run count and dwell time were
recorded to represent participants’ visual attention shifts and reactions to
cognitive overload.

Table 1: Category of AQOls.

Category Object

Task Pipes, tools, layout, UL, wall, cobots.
Environment Forklift, drone, truck, excavator.
Group Human teammate.

Analysis Method

Linear mixed-effects models (LMMs) were used to analyze H; and Hj,
as they account for both fixed and random effects, allowing for a precise
examination of the relationship between visual allocation and SA/shared
SA scores while considering individual and team-level variations. Intraclass
Correlation Coefficients (ICCs) were calculated within the LMM framework
to assess the degree of variation in SA/shared SA scores attributable to
individual versus team-level factors. A higher ICC suggests that shared SA is
primarily shaped by team-level coordination, helping to determine whether
shared SA functions as a collective process or remains largely an individual
cognitive effort, directly informing H, and Hj.

To test H3, teams were classified into high-shared SA and low-shared SA
groups based on their correct shared SA scores. Their run count and dwell
time metrics were then compared between these groups. A two-sample t-test
was conducted to identify differences in how well-coordinated teams allocate
attention across tasks, environment, and group AOls.

FINDINGS

The findings for the Hy hypothesis are summarized in Table 2. The results
show that environment SA had the most substantial group-level influence for
both run count and dwell time, suggesting that it is primarily shaped by group
factors rather than individual variation. Conversely, task SA and level 1 SA
had negligible group-level variation, implying that these outcomes are driven
mainly by individual attention patterns rather than shared team effects.
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Table 2: The impact of AOIs on individual SA scores.

Run count (times) Dwell time (s)

SA Score AOIs  Fixed p-Value ICC Fixed p-Value ICC

Effects (B) Effects (B)

Env Task  —0.0744  0.0592. 0.9350 —0.2617  0.1774  0.9160
Env  0.8424 0.0088"" 0.2338 0.7375
Group —0.4573  0.0279" —0.2997  0.5017

Task Task  0.3140 0.0075" 0 0.6535 0.1001  0.0030
Env 1.4894 0.0019"" 2.9273 0.0584.
Group —0.8195  0.0700. —3.6189  0.0488"

Group  Task  0.0536 0.4190  0.2570 —0.0240  0.9008  0.4000
Env  0.0951 0.7040 0.1059 0.8939
Group 0.0625 0.8300 —0.0305  0.9649

Lv1 Task  0.2873 0.0062"" 0 0.5249 0.1640 0
Env  1.4560 0.0011"" 2.9048 0.0549.
Group —0.7297  0.0667. —2.9970  0.0548.

Lv2 Task  0.0486 0.3033  0.7700 0.1361 0.4313  0.7310
Env  0.5941 0.0455" 1.5540 0.0965.
Group —0.0379  0.8451 —0.2555  0.6491

Lv3 Task  —0.0505  0.3130  0.2750 —0.3233  0.0142"  0.6380
Env  0.3210 0.1220 —0.3920  0.2902
Group —0.4090  0.1330 —0.5533  0.1029

Total Task  0.2748 0.0634.  0.5340 0.3975 0.4774  0.3430
Env  2.4812 0.0022" 4.2681 0.0928.
Group —1.2273  0.0642. —3.9734  0.1062

.<0.1;"<0.05;""<0.01. Env: environment-related SA, Total: total SA for an individual.

For the fixed effects, spending more time or frequently revisiting
environment-related objects improves the SA of task, level 1, level 2, and
total score. In addition, more frequent revisits on task-related objects have
higher task SA, while more times on environment-related objects lead to
higher environment SA. Moreover, interacting with task- and environment-
related AOIs improves level 1 SA. However, dwell time doesn’t show the same
pattern. In addition, visual allocation towards all AOIs shows no correlation
with group SA.

While these findings confirm Hj, demonstrating multiple correlations
between visual allocation toward AOIs and individual SA under information
overload, they do not support Hj. Despite robust correlations at the
individual SA level, no significant relationship was found between visual
attention and shared SA, regardless of whether both team members provided
correct or incorrect responses.

The findings of H3 are summarized in Table 3. The results indicate that
high-shared SA teams revisited their attention more frequently and spent
longer on environment AOI than low-shared SA teams (Figure 3). In addition,
the high shared SA team exhibited a more balanced distribution of visual
allocation across each AOL
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Table 3: Means of attention patterns across high and low shared SA levels.

Metrics Shared AOIs t-Test for Env-AOIs
SA
Env  Task Group t p-
Value

Run count (times) High 6.550021.3500 3.4000 5.8620 0.0004""
Low 1.733329.9667 2.5667

Dwell time (s) High 2.39205.5660 0.7430 5.7430 0.0004""
Low 0.382010.2393 0.9117

.<0.1;"<0.05;""<0.01

2 Shared SA
4 . High
I 1 E Low
2
e e —
High Low High Low
(a) (b)

Figure 3: Visual allocation toward environment AOI between high and low shared SA
groups. (a) Run count. (b) Dwell time.

DISCUSSIONS

The findings highlight that active visual engagement with relevant AOIs
significantly enhances individual SA, reinforcing the strong link between
perception and SA formation (Hasanzadeh et al., 2016). The strong group-
level effects in environment SA and level 2 SA suggest that these aspects
rely on team communication, shared perception, and coordinated responses,
making team-based interventions essential for improving SA in dynamic
environments. In contrast, the low ICCs observed in task SA and level 1
SA indicate that these aspects are primarily shaped by individual attention
and responsibilities, rather than team-wide coordination. However, longer
fixation does not necessarily lead to higher SA, likely because communication
compensates for direct observation in teams. Instead of relying solely on
visual attention, team members dynamically exchange information, allowing
them to update their SA through verbal coordination rather than direct
perception. This explains why high-shared SA teams may not require constant
visual engagement with all AOIs but instead develop shared SA through
strategic communication and distributed attention.

The lack of correlation between visual allocation and group SA suggests
that shared SA formation is influenced by additional factors, such as
communication and shared mental models (Cannon-Bowers et al., 1993;
Endsley, 1999), rather than visual distribution alone. Additionally, SA in
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teams can be updated through communication rather than direct observation,
meaning that high shared SA teams may rely on dyadic information-
sharing, where one team member focuses on task execution while the
other monitors environmental changes. This highlights the dynamic nature
of shared SA, which is continuously calibrated through team interactions,
coordination, and collective decision-making rather than solely through
individual perception.

Furthermore, excessive focus on teammates may distract them from
essential task-related or environmental information, potentially reducing
individual SA. The failure to confirm H; suggests that high team variability
plays a significant role in shared SA formation, making it difficult to
establish a direct relationship between visual allocation and shared SA. As
a result, shared SA may not fully reflect individual perception but rather
a dynamic outcome shaped by real-time communication and collaborative
decision-making.

The classification of high and low shared SA teams suggests that
groups with higher shared SA adopt a more balanced attention strategy,
allocating more visual resources to environmental cues rather than solely
focusing on task execution. These findings suggest practical strategies
for training workers—and professionals in other high-risk fields such as
military and emergency response—to improve SA by dynamically shifting
attention between task execution and environmental monitoring. Rather than
prioritizing task execution alone, teams in construction should be encouraged
to balance their attention across different topics to develop stronger shared
SA, enhancing both productivity and safety in human-Al teamwork. By
integrating real-time communication, dynamic attention allocation, and
structured coordination, teams can optimize individual and collective SA in
complex environments.

CONCLUSION

Using a VR-based pipe installation task, this study investigated the
relationship between visual allocation patterns, SA, and shared SA under
information overload conditions in human-Al construction teams. By
analyzing eye-tracking metrics (run count and dwell time) and SA/shared
SA scores, this research evaluated how attention allocation across task-,
environment-, and group-related AOIs influences Shared SA development and
shared SA formation. The results indicate that SA can be maintained and
updated through direct visual allocation and team communication.
Additionally, high-shared SA teams exhibited more balanced attention
distribution across task-, environment-, and group-related AOIs. This
suggests that effective teamwork relies on strategic attention allocation
rather than excessive focus on any single element.

The findings provide practical insights for training workers to adopt
balanced attention strategies, ensuring task execution does not come at the
expense of environmental awareness. They also lay the foundation for Al-
driven adaptive feedback systems that enhance real-time coordination and
shared SA in human-Al collaboration. Beyond construction, these insights
can benefit other high-risk industries, such as aviation and emergency
response, where effective teamwork and SA are critical.
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However, the study is limited by its small sample size and controlled
VR environment, which may not fully capture the complexity of real-
world construction settings. Future research should expand to field studies
to validate findings in practical applications. Additionally, incorporating
psychophysiological sensors, such as neural activity monitors, vocal pattern
analysis, and stress level indicators, could provide deeper insights into the
cognitive and emotional factors influencing shared SA. These advancements
will contribute to more comprehensive Al-driven interventions for improving
SA and team coordination in high-risk environments.
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