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HeedVision: Attention Awareness in
Collaborative Immersive Analytics Environments
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Figure 1: HeedVision overview. We propose a (A) Collaborative Attention-Aware Visualization design space covering attention capture,
presentation, situatedness, and triggering. (B) HeedVision implements this in a co-located mixed reality setting using voxel-based
coverage maps for shared attention. (C) We evaluate it through a treasure hunt task across terrain and scatterplot visualizations with
and without attention cues, revealing context-dependent benefits in abstract environments lacking natural reference points.

Abstract—Group awareness, the ability to perceive the activities of collaborators in a shared space, is a vital mechanism to support
effective coordination and joint data analysis in collaborative visualization. We introduce collaborative attention-aware visualizations
(CAAVs) that track, record, and revisualize the collective attention of multiple users over time. We implement this concept in HEEDVISION,
a standards-compliant WebXR system built with React Three Fiber that runs on modern AR/VR headsets, and complement it with
proof-of-concept implementations covering the remaining three quadrants of our design space, varying presentation (embedded vs.
separated) and situatedness (world space vs. camera space). Through a mixed-methods exploratory study where pairs of co-located
analysts performed visual search tasks in a shared immersive AR environment, we investigate how attention revisualization affects
collaborative coordination in immersive analytics. Our results show that CAAVs can improve spatial coordination, search efficiency,
and task load distribution in collaborative visual search tasks among collaborators, though benefits vary by context, favoring abstract
environments lacking natural landmarks. This work extends attention awareness to multi-user settings and provides empirical evidence

for its context-dependent benefits in collaborative visual search tasks within immersive analytics environments.

Index Terms—Attention tracking, eyetracking, immersive analytics, ubiquitous analytics, post-WIMP interaction.

1 INTRODUCTION

Attention is a scarce commodity. Human cognition uses attention as
a selection mechanism that determines which sensory inputs are pri-
oritized for processing at any given moment [62]. In visualization,
attention helps the analyst focus on areas of interest across charts to
address the current analysis goal [58]. This is particularly important
in collaborative visualization [31], as it enables multiple analysts to
jointly make sense of complex data. However, effective collaboration
demands that each participant maintain awareness of what their partners
are doing. This group awareness (the ability to perceive the activities of
collaborators in a shared space [25,26]) becomes especially challenging
in immersive 3D environments, where multiple viewpoints, distributed
spatial attention, and real-time coordination create unique obstacles.
Prior work has shown how AR/VR environments change the dynam-
ics of collaborative exploration and sensemaking [22, 44], and how
gaze, gesture, and embodied cues can support group awareness [5, 52].
More recent efforts have explored representing collaborators’ focus
of attention on desktop and large-display systems [35,39]. Yet few
systems directly capture and represent collaborators’ attention over
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time in immersive environments, leaving a gap at the intersection of
attention-aware visualization and immersive collaboration.

Attention-aware visualizations (AAVs) [58] address part of this chal-
lenge for individual users: they measure a single viewer’s attention
over time and modify the display accordingly to encourage exploration
or support reflection. In this paper, we extend AAVs to multi-analyst
settings in what we call Collaborative Attention-Aware Visualizations
(CAAVs). While this extension builds on the same three-component
structure (capture, record, display), it introduces fundamentally new
design challenges with no single-user analog. For capture, we must
distinguish between users while tracking attention simultaneously. For
recording, we maintain identity-aware attention accumulators and in-
troduce aggregation methods (sum, maximum, difference, count) to
represent collective patterns. For display, we must encode both atten-
tion intensity and user identity while supporting coordination rather
than merely self-reflection. These challenges motivate a systematic
design space for CAAVs addressing three research questions: how to
capture collective attention in real time (RQ1), how to record it over
time (RQ2), and how to display it effectively (RQ3).

To probe this design space through a concrete instantiation, we
developed HEEDVISION, an immersive analytics environment that
tracks and revisualizes the attention of collaborating pairs. HEED-
VISION embodies the world-space embedded configuration of our
design space: head-based attention capture for accessibility across
consumer devices, voxel-based recording with temporal decay, and
explicit world-embedded display with color-per-user encoding. Built
using React Three Fiber with WebXR support, the system runs on
consumer-level AR/VR headsets such as the Meta Quest 3. We com-
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plement HEEDVISION with proof-of-concept implementations of the
remaining three quadrants (world-space separated, camera-space em-
bedded, and camera-space separated), illustrating the breadth of the
design space. We evaluated HEEDVISION through a mixed-methods
exploratory study with eight co-located pairs (16 participants) perform-
ing collaborative visual search tasks in a shared augmented reality
environment. To understand whether benefits depend on visualization
context, we tested CAAVSs across both abstract discrete environments
(3D scatterplots) and continuous environments with natural landmarks
(terrain visualizations). Our findings suggest that CAAV effectiveness
depends on visualization context: attention visualization appeared to
improve spatial coordination and reduce redundant exploration in ab-
stract environments lacking natural reference points, but introduced
potential interference in environments where existing landmarks al-
ready supported coordination.
We claim the following contributions:

(1) A preliminary design space for collaborative attention-aware
visualization, extending AAV to multi-user immersive settings
through three research questions that organize capture, recording,
and display alternatives for collective attention;

(2) HEEDVISION, a WebXR research prototype built with React
Three Fiber that instantiates the world-space embedded configu-
ration, complemented by working proof-of-concept implementa-
tions of the remaining three design space quadrants that illustrate
the framework’s breadth, though these three use local synchro-
nization rather than networked collaboration and have not been

formally evaluated; and

(3) Empirical evidence from an exploratory study showing when col-
lective attention visualization helps versus hinders collaborative
coordination, revealing context-dependent benefits that depend

on the structure of the visualization environment.

All design decisions, implementation parameters, and evaluation
materials are documented to enable replication and extension. Supple-
mentary materials are available at osf.io/frsp8.

2 BACKGROUND

Our work extends attention-aware visualization to collaborative immer-
sive settings. Below we review the foundations on which we build.

2.1 Group Awareness in Collaborative Visualization

Visual attention determines which elements of a complex visualization
are prioritized for cognitive processing [62]. Visualization designers
leverage this through pre-attentive features [29] and visual saliency
models [34,46] that predict and guide where viewers direct their focus.
Eye tracking has provided empirical insights into these attentional
patterns across different visualization types [6, 14,15,37,40].

‘While individual attention is well studied, collaborative visualiza-
tion introduces the additional challenge of group awareness: under-
standing others’ activities within a shared workspace [25,26]. Group
awareness is essential for establishing common ground: the mutual
knowledge, beliefs, and assumptions that underpin effective coordi-
nation [16]. The benefits of such collaboration are well documented:
Mark and Kobsa [43] and Balakrishnan et al. [2] both found signifi-
cant improvements when analysts worked together using shared visual
representations.

Several techniques support group awareness in collaborative settings:
radar overviews [27], embodied cues like collaborators’ arms [61] and
fingertips [36], and social navigation techniques [20] that record and
visualize user presence and activity [39]. Scented Widgets [64] em-
bed usage traces directly within interface components, while Matejka
et al.’s Patina [45] overlays dynamic heatmaps of usage patterns on
controls; both demonstrate how aggregated interaction data can con-
vey collective behavior. Collaborative brushing techniques [28, 32]
reveal others’ selections across datasets, and Saffo et al.’s “Eyes and
Shoes” [52] technique provides asymmetric awareness cues between
VR and desktop.

A related dimension of awareness is collective data coverage: ensur-
ing the group examines all relevant data without duplication. Sarvghad

and Tory demonstrated that visualizing dimension coverage increases
exploration breadth [55] and reduces work duplication in asynchronous
collaboration [54]. Badam et al. [1] extended this with a “team-first”
approach that balances individual with collective sensemaking. This
notion of coverage tracking motivates our recording dimension (Sec-
tion 3).

RESEARCH GAP Most collaborative systems focus on discrete in-
teraction events rather than continuous attention, and few leverage
attention in immersive 3D where spatial coordination is paramount.

2.2 Gaze and Attention Tracking

Addressing continuous attention in immersive environments requires
reliable head tracking. Gaze serves both as an implicit indicator of
visual attention and as an explicit input mechanism. Since Bolt’s sem-
inal gaze-orchestrated windows [7], researchers have explored gaze
for target acquisition [59], multimodal interaction [47, 48, 60], and
cross-device interaction [63]. A persistent challenge is the “Midas
touch” problem [33], where every glance triggers an action; multi-
modal approaches that require secondary confirmation [60] and explicit
triggering mechanisms can mitigate this. Gaze control is now central to
consumer XR devices such as the Apple Vision Pro and Android XR.

In immersive settings where eye trackers are unavailable or imprac-
tical, head orientation serves as a proxy for visual attention. Studies
of viewing behavior in 360° video and VR have shown that head and
gaze directions are strongly correlated: Sitzmann et al. [57] found that
the mean gaze direction relative to head orientation is 13.85° 4+ 11.73°,
indicating strong coupling between head and gaze movements, and
David et al. [19] confirmed this coupling in active VR exploration. This
correlation is sufficiently strong for tasks where conveying general ar-
eas of attention matters more than precise fixation points; as is the case
for collaborative spatial coordination, knowing approximately where a
partner is looking enables effective division of labor.

RESEARCH GAP) While gaze and head tracking are well established
for single users, using these signals to support awareness across multi-
ple collaborators in immersive environments is largely unexplored.

2.3 Attention-Aware Visualization

Attention-aware visualizations (AAVs) represent a class of systems that
track, analyze, and respond to user attention patterns. Srinivasan et
al. [58] formalized this concept with a framework organized around
three components: how attention is captured, how it is recorded over
time, and how the visualization adapts in response. They distinguish
between data-agnostic approaches that track attention as spatial co-
ordinates without knowledge of the underlying data, and data-aware
approaches that associate attention with marks or semantic components.

Building on this foundation, Jianu et al. [35] assembled a compre-
hensive design framework and research agenda for gaze-aware visual-
izations, distilling research challenges and providing practical guidance
for integrating eye-tracking into visualization systems. Earlier systems
demonstrated these principles in practice: Exploration Awareness [56]
tracked user exploration paths through information spaces, while adap-
tive annotations [37] adjusted to viewing patterns. In immersive envi-
ronments, Lu et al. [41] investigated subtle visual cues for directing
attention in augmented reality, finding that appropriate cue designs can
guide visual search without disrupting the primary task.

Beyond tracking and recording, display techniques can communi-
cate attention history without persistent clutter. Baudisch et al. [4]
introduced phosphor transitions, afterglow effects that fade over time
to convey interface changes; this ephemeral approach offers relevant
design alternatives for attention-aware revisualization.

However, existing AAV systems share a fundamental limitation: they
are designed for a single user. They track one viewer’s attention and
adapt the display for that viewer alone. In collaborative settings, the
challenge shifts from individual reflection to collective coordination;
analysts need to know not only where they have looked, but where
their partners have been, where coverage gaps remain, and how to
divide a shared analytical space. These collaborative requirements
motivate our extension of AAVs to multi-user settings: Collaborative
Attention-Aware Visualizations (CAAVs).
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RESEARCH GAP The gap between well-developed single-user AAV
approaches and the requirements of collaborative IA motivates extend-
ing attention awareness to multi-user settings, where coordination,
coverage, and shared understanding become central design goals.
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Figure 2: Revisualizing collective attention (RQ3). The CAAV de-
sign space spans three dimensions (measuring/RQ1, recording/RQ2,
revisualizing/RQ3); this figure shows RQ3 only, organized along three
sub-dimensions: (1) presentation distinguishes between embedding at-
tention directly into the visualization versus separating it into distinct
views or overlays; (2) situatedness determines whether attention is ren-
dered in world space (anchored to the environment) or camera space
(following the user’s viewport); and (3) triggering specifies when atten-
tion visualization appears: continuously (always-on), upon user request
(explicit), or based on system-detected context (implicit). The quadrant
formed by presentation and situatedness (top) illustrates the four primary
configurations, while triggering mechanisms (bottom) can be applied to
any. HEEDVISION instantiates the highlighted world-space embedded
quadrant.

3 COLLABORATIVE ATTENTION-AWARE VISUALIZATION

Srinivasan et al. [58] defined attention-aware visualizations (AAVs)
as displays that track a single viewer’s attention and adapt accord-
ingly. We extend this concept to collaborative settings: Collaborative
Attention-Aware Visualizations (CAAVs) track, record, and revisualize
the attention of multiple users engaged in joint analysis tasks (Fig-
ure 2). This extension preserves AAV’s three-component structure but
introduces collaborative dimensions at each level:

RQ1 How should the attention of multiple viewers on a visualization
be captured in real time?

RQ2 How should the attention of multiple viewers on a visualization
be recorded over time?

RQ3 How should the attention of multiple viewers on a visualization
be displayed?

RQ1 maps to Section 3.1 (capture mechanisms); RQ2 maps to Sec-
tion 3.2 (recording approaches); and RQ3 maps to Section 3.3 (revisu-
alization, encompassing presentation, situatedness, and triggering).

We present this design space not merely as scaffolding for one sys-
tem, but as a preliminary generative map of unexplored configurations
for collaborative attention visualization. We present this as a prelim-
inary design space rather than a validated framework; its generative
value lies in mapping unexplored configurations for future work, anal-
ogous to how task typologies [12] structure design reasoning without
themselves being empirically validated in every cell. HEEDVISION
(Section 4) instantiates the world-space embedded quadrant and serves

as the focus of our evaluation; we additionally provide implementa-
tions of the remaining three quadrants to demonstrate the framework’s
generative capacity.

3.1

If attention represents a person’s focus on specific elements, then collec-
tive attention extends this across multiple analysts. Involving multiple
agents yields concepts with no single-user counterpart:

Measuring Collective Attention (RQ1)

&% Joint Attention, when multiple users focus on one element;

2" Distributed Attention, when analysts distribute their focus;
b0 Sequential Attention, when analysts build on each other’s focus;

Q Cumulative Attention, as the collective span of collaborators’
attention.

Since attention cannot be directly measured, we must use observ-
able behaviors as proxies. In collaborative settings, these proxies must
work for multiple users simultaneously: tapping or clicking; pointer
movement; head direction as an indication of gaze; and eye movement
for precise focus. Each offers different tradeoffs between precision,
implementation complexity, and intrusiveness. Measuring across multi-
ple users also introduces challenges of distinguishing between users,
aligning interaction events to a common timeline, managing scalability
as team size increases, and accommodating users on different devices.

3.2 Recording Collective Attention (RQ2)

CAAVs can take two fundamentally different approaches to recording
attention: data-agnostic (no knowledge of the underlying visualization)
and data-aware (specific knowledge of visualization geometry).

Data-agnostic. This approach tracks attention as coordinates or
regions without knowledge of the underlying visualization elements;
in other words, the system does not know what the visualization rep-
resents, only that the user’s attention is moving over it. Data-agnostic
approaches are more general but limit attention interpretation.

Data-aware. This method associates attention with specific visu-
alization marks, data points, or semantic components. Because of this
knowledge, data-aware approaches enable richer analysis but require
deeper integration with the visualization system.

Representing collective attention. Where AAV maintains a sin-
gle attention accumulator per target, CAAVs must maintain separate
accumulators for each user on each target. These accumulators start
at zero, increase as a user directs attention to the target, and can be
combined to represent collective attention using various aggregation
methods: sum (total collective attention); maximum (highest individual
attention); difference (balance of attention between members); and
count (number of analysts who attended to the target). The choice of
aggregation affects what collaborative patterns become visible; sum
emphasizes total coverage, while difference highlights division of labor.

Collective attention decay. Human memory decays naturally
over time, and recorded attention values should gradually decrease to
reflect fading relevance. Decay is particularly important in collaborative
settings where attention patterns evolve as participants respond to each
other’s discoveries and insights.

3.3 Revisualizing Collective Attention (RQ3)

As Srinivasan et al. [58] noted, attention does not have to be displayed;
it could be used solely for analysis or evaluation. This paper focuses
on how the visualization might actively incorporate this data to help
coordination, promote exploration, or support reflection; we refer to
this process as revisualizing the attention.
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Presentation. The revisualization can be achieved through two
fundamental presentation styles: (a) ¥ embedding the attention di-
rectly into the visualization; or (b) (] separating the attention from the
visualization in a view or overlay. In collaborative contexts, the choice
between approaches affects how easily participants can develop shared
understanding of collective attention. The presentation choice may also
be left to each individual collaborator, and the actual implementation
depends on whether the approach is data-aware or data-agnostic and
whether it is displayed in 2D or 3D.

Situatedness. We also distinguish whether the attention is inte-
grated into the 48 world space or the 3 camera space of the display.
In 4 world space, attention visualizations remain fixed in the shared
environment, preserving spatial context and enabling deictic reference
(“look at that orange region”). In & camera space, attention visual-
izations attach to each user’s viewport, ensuring continuous visibility
but sacrificing direct spatial correspondence. This distinction matters
particularly in immersive 3D where users occupy different positions
with independent viewpoints.

Triggering. Following AAV [58], the triggering mechanisms for
revisualization may significantly impact user experience: & always-on,
which continuously displays attention (risking Midas touch or reinforc-
ing loops); iy explicit, where users deliberately activate revisualization;
and % implicit, where the system automatically shows attention based
on context. In collaborative settings, different triggering mechanisms
might apply to personal versus shared displays, and the ability to trigger
might depend on user role. Collaboration modality (synchronous vs.
asynchronous; co-located vs. remote) is a further cross-cutting influ-
ence: asynchronous collaborators may prefer decay-weighted historical
overlays for handoff support [54], while always-on triggering can over-
whelm remote collaborators on high-latency feeds, making explicit or
implicit modes preferable.

Collaborative revisualization patterns. Several patterns emerge
as particularly useful for collaborative settings: Attention Heatmaps
show density of aggregate attention; Coverage Maps highlight areas
that have received little attention; and Focus Convergence emphasizes
where multiple users are focusing. These address complementary col-
laborative needs identified in prior work on group awareness [25] and
collaborative visualization [31]: collective interest, thorough exam-
ination without redundancy [55], and shared discovery.  For this
investigation, we prioritize the three patterns as starting points that
minimize visual complexity in immersive environments [22].

4 SYSTEM: HEEDVISION

We present HEEDVISION, a collaborative attention-aware visualization
system for immersive analytics. Within our design space, HEEDV1I-
SION implements attention that is ¥ embedded in the & world space
and triggered { explicitly. We additionally provide functional proto-
type implementations of the remaining three design space quadrants
(Section 4.5, Figure 4). We selected the world-space embedded con-
figuration for HEEDVISION because embedded visualization preserves
spatial context crucial for collaborative 3D exploration, world-space
placement ensures both collaborators share a common reference frame
for deictic communication, and explicit triggering gives users agency
over when to consult attention information, reducing visual clutter
during active exploration while supporting deliberate coordination.
These choices prioritize unobtrusive capture with user-controlled dis-
play, reflecting our goal of supporting (rather than disrupting) natural
collaborative workflows.

4.1 Attention Model

The core architecture features a distributed attention model that cap-
tures, records, and visualizes collective attention across multiple visual-
izations within a shared workspace. Unlike single-user AAV systems,
our model maintains separate attention maps for each collaborator on
each visualization. The attention model is implemented as a 3D voxel
grid overlaid on each visualization, with individual voxels storing at-
tention values for specific regions. This supports both individual and
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Figure 3: Voxelization process. (a) BVH [17] voxelization of a visualiza-
tion, where the user’s gaze ray intersects with the voxel grid, altering its
state on intersection; (b) attention accumulation in individual voxels over
time with color blending across two collaborators.

aggregated attention maps, enabling users to review personal focus
areas and identify regions of collective interest.

The system updates attention values in real time as collaborators
interact. The model follows principles of human short-term mem-
ory: attention accumulates when a user focuses on a specific region
and decays over time as attention shifts elsewhere. Only voxels that
intersect with the actual geometry of a visualization register and ac-
cumulate attention data, creating a data-aware approach that directly
links attention to the visualization’s geometric structure. This same
infrastructure can support data-agnostic approaches through alternative
capture mechanisms (see Section 4.3).

4.2 Voxelization

At initialization, HEEDVISION converts the geometry of a visualiza-
tion into a discrete grid of invisible voxels at configurable resolution.
These voxels serve as the fundamental units for capturing attention,
becoming visible only when attention revisualization is triggered. The
voxel-based approach enables fine-grained spatial tracking: each voxel
independently accumulates attention data, establishing a consistent spa-
tial reference across users, simplifying detection of joint attention when
multiple users focus on identical regions, and optimizing computation
of attention coverage metrics. We employ Bounding Volume Hierar-
chies (BVHs) [17] (Figure 3) to accelerate voxelization by efficiently
identifying mesh regions that intersect with voxel boundaries.

4.3 Attention Capture

Given gaze information, we capture attention by casting a ray from the
user’s view position in their gaze direction, determining the nearest
voxel intersection, creating a spherical region of influence around it,
and incrementing attention values for all voxels within that region with
the center receiving the highest increment. Using headsets without
eye-tracking capabilities (such as the Meta Quest 3), we use head
orientation as a proxy for user attention. For a data-agnostic approach,
the algorithm would instead accumulate attention in every voxel the
gaze ray passes through.

Head orientation introduces imprecision, as users often attend to
peripheral regions. Combined with our single-voxel region of influ-
ence (Section 4.5), this creates approximate attention maps. However,
this suffices for collaborative coordination where conveying general
areas of partner attention matters more than exact fixation points; this
aligns with the strong head-gaze correlation documented in VR viewing
studies [19,57].

4.4 Triggering and Revisualization

HEEDVISION implements an i explicit triggering mechanism where
participants press a controller button while pointing at a visualization to
reveal collaborative attention patterns. This prevents Midas touch [33]
while giving users control over when to consult the attention display.
For revisualization, HEEDVISION uses an opacity-driven approach:
each voxel adjusts its opacity based on accumulated attention, becom-
ing more opaque as attention increases and remaining transparent when
unattended or below a user-controlled threshold. This creates a real-
time coverage map that reveals where attention has been concentrated.
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Color distinguishes collaborators: each user is assigned a unique color,
and when multiple users attend to the same voxel, their colors blend
additively, effectively implementing a per-user aggregation that makes
joint attention visually salient. The blue—orange pair was selected for
colorblind accessibility (safe for deuteranopia and protanopia), and the
resulting additive blend, a warm rose, was chosen deliberately: as a
perceptual mix of both user colors, it communicates shared attention
without requiring a separate legend entry. In the evaluated AR system,
attention voxels were opaque, saturated overlays with a per-user legend,
so each user’s color stayed legible against the terrain rather than reading
as part of it (Figure 4, top-left). This color-based approach works well
for small teams (2—4 members) but presents scalability challenges for
larger groups; for instance, hierarchical grouping could assign team-
level colors to sub-groups and individual colors within each toggle,
reducing the palette to N/k distinct colors for k sub-groups. Alter-
native visual channels (see Section 7.3) such as role-based coloring,
texture, outline thickness, or animation could address both scaling and
conflicts with data-driven color encodings, since our current implemen-
tation assumes color is not the primary data channel. The attention
visualization is directly embedded in the 3D world space, allowing
users to explore attention patterns from any viewpoint while preserving
spatial context.

4.5

HEEDVISION is built on open web technologies using React Three
Fiber [50] with @react-three/xr for WebXR support, running na-
tively in modern browsers without specialized installation. The col-
laborative infrastructure uses Spatialstrates [9], DashSpace [8], Web-
strates [38], and Varv [10] for real-time cloud-based state synchro-
nization, with an interactive Moveable marker system for positioning
visualizations through drag and rotation. The additional implemen-
tations of the remaining three quadrants (Section 4.5) are also built
with React Three Fiber but operate in VR-only mode and use the
BroadcastChannel API for local peer-to-peer synchronization between
browser tabs without persistent cloud storage, enabling lightweight
simulation of pair collaboration on a single device.

To maintain interactive frame rates, we made several trade-offs: at-
tention capture and decay are computed only for the directly intersected
voxel to avoid frame-blocking computations; the region of influence
is restricted to a single voxel rather than surrounding neighbors; at-
tention tracking operates at 10 Hz (below the 60 Hz rendering rate);
and attention updates are batched and synchronized across devices at
configurable intervals (200-500ms). The primary bottleneck lies in
network synchronization, as each update must be broadcast and merged
across all clients. Thus, a pragmatic tradeoff that sacrifices some
spatial precision was necessary to maintain the responsiveness essential
for fluid collaborative interaction.

Implementation

Additional Design Space Implementations To demonstrate the
breadth of our design space beyond HEEDVISION’s world-space em-
bedded configuration, we built fully functional implementations of the
remaining three quadrants (Figure 4). Unlike HEEDVISION, which
supports co-located AR with cloud-based synchronization, these imple-
mentations operate in VR-only mode and use the BroadcastChannel
API to mimic pair collaboration locally; and have not undergone formal
user evaluation.

World-space separated. A miniature replica of the visualization
floats beside the main view and mirrors attention patterns in real time;
users can reposition it via hand tracking or controller input to inspect
collective attention from an independent vantage point. This configu-
ration is especially suited to larger environments where the main view
is too cluttered; the miniature replica gives an unobstructed overview
comparable to a minimap in 2D collaborative interfaces.

Camera-space embedded. Attention is rendered as 2D projec-
tions overlaid onto the faces of the visualization’s bounding box, com-
puted from the user’s current viewpoint, ensuring continuous visibility
but sacrificing depth information. Camera-space embedding is most
useful when collaborators share a synchronized viewport (e.g., a guided
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Figure 4: Implementations across all four design space quadrants:
Top-left: World-space embedded (HeedVision), shown as a screenshot
of the actual evaluated AR system, with the study’s blue/gold/pink atten-
tion voxels and the per-user legend. Top-right: World-space separated.
Bottom-left: Camera-space embedded. Bottom-right: Camera-space
separated. The latter three are later proof-of-concept prototypes that
share HEEDVISION’s attention model but run VR-only and were not for-
mally evaluated.

tour scenario), as the 2D projection remains interpretable regardless of
individual position.

Camera-space separated. A 2D canvas panel in screen space
displays a top-down or rotated view of the attention map synchronized
with the main visualization’s orientation, providing an overview without
occluding the 3D scene. A top-down panel suits asynchronous handoffs:
a second analyst joining later can review where their partner explored
without navigating the full 3D scene.

5 USER STUDY

To evaluate our proposed collaborative attention-aware visualization
approach and the HEEDVISION implementation, we conducted a mixed-
methods exploratory study. Our goal was to understand how visualizing
multiple users’ attention patterns impacts coordination and coverage.
This study was conducted in accordance with the research ethics
guidelines of Aarhus University. As a behavioral study involving no
health data, it falls outside the scope of the Danish Act on Research
Ethics Review of Health Research Projects (Komitéloven). All partici-
pants provided written GDPR informed consent prior to participation.

5.1

We recruited 16 participants (11 male, 5 female) who formed 8 collabo-
rative pairs (see Table 1). Participants were drawn from graduate-level
Computer Science, Data Visualization, and HCI courses, ensuring suf-
ficient background knowledge in data visualization. Ages ranged from
24 to 37 (mean 28.9), and all had normal or corrected-to-normal vision
with no self-reported color vision deficiency. The participants varied in
their experience with immersive environments, co-located collabora-
tion, and visual analytics (from no experience to experienced). None
of the participants reported prior familiarity with the Mt. Bruno terrain
dataset used in the study.

Participants

5.2 Apparatus

All participants used our implementation running on Meta Quest 3 head-
sets in a co-located laboratory space (6x3x3m), allowing for verbal
communication. The system tracked head position and orientation to
determine attention for each participant. Each participant’s headset ran
the HEEDVISION software on the Quest Browser. The world-embedded
attention display could be explicitly triggered using a controller button.
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Table 1: Participant demographics for collaborative pairs (G1-G8) showing age, gender, vision, and their experience with immersive environments,

co-located collaboration, and visual analytics (N = 16).

Participant A | Participant B

Age Group Vision MRExp. Coloc. Exp. VA Exp. | Age Group Vision MRExp. Coloc. Exp. VA Exp.
Gl & Pl 35-39 69 ) 6 6 v * Jd P2 25-29 @ 1 1 e o 4
G2 9 P3 25-29 69 S M) * d P4 25-29 69 S * *1
G3 9 P5 35-39 ® * *N AKX | P6 25-29 ® * 3 ¢ ¢ *7v
G4 o P7 20-24 69 * % *1 *1 Jd P8 25-29 69 * *W *
G5 @ P9 30-34 ® *N *h% *% |J PO 30-34 63 ) 4 6 4 ) 4 6 4 } 4 ¢ ¢
G6 o Pl 25-29 ® *7v 1 *7v d P12 20-24 @® * *N *N
G7 9@ PI3 30-34 ® o *1 *% | Pl4 30-34 63 (M) 1 *
G§8 o PI5 2529 @ * * *1 Q P16 2529 6B  KA% *hhk ARN

Summary: N=16, 11 Male, 59 Female, ages 24-37 (M=28.9), 869 Corrected-to-normal, 8 @ Normal vision

Legend: Experience: RN Very experienced, *N Experienced, w71 Some experience, W Novice, © No experience; Abbreviations: MR = Mixed Reality,

Coloc. = Co-located Collaboration, VA = Visual Analytics.

5.3 Experimental Conditions
We employed a 2x2 mixed (split-plot) design with two factors:
* Visualization Type. The 3D chart type used.

— Terrain: A continuous 3D terrain visualization of Mt.
Bruno’s elevation with targets positioned along the surfaces
of the entire volume.

— Scatter: A discrete 3D scatterplot with 100 uniformly dis-
tributed data points. We chose this distribution rather than
realistic clustered data (through dimensionality reduction
techniques like t-SNE or UMAP) to isolate CAAV’s effect
from coordination affordances that natural clusters might
provide, thus creating a baseline where spatial structure
alone offers no guidance for dividing labor.

¢ Attention Visualization. Attention display method.

— No-CAAV (control): No attention display.
— CAAV: World-embedded attention display.

Each pair used CAAV for one visualization type and No-CAAV
for the other; thus visualization type varied within pairs and attention
visualization varied between pairs (four pairs per cell), with the CAAV-
to-geometry assignment and presentation order counterbalanced across
the eight pairs to mitigate learning effects.

Terrain x CAAV Condition

Scatter x No-CAAV Condition

Figure 5: Experiment with the treasure hunt task. A pair of participants
perform the treasure hunt task. Left: Terrain visualization with CAAV enabled
(colored voxels visible). Right: Scatterplot visualization without CAAV. Each
pair experienced both visualization types, one with CAAV and one without.

5.4 Task

All pairs engaged in a collaborative visual search task: a treasure
hunt (see Figures 5 and 6). Visual search tasks are well-established in
immersive analytics research for evaluating spatial coordination and
attention [42,51]. We designed this task as a simplified probe into
key collaborative challenges (spatial navigation, shared attention, and
division of labor), without domain- or task-specific complexity that

might confound our analysis of attention-aware mechanisms. During
each 10-minute session, pairs searched for white target objects hidden
within a 3D visualization. These targets were initially invisible and only
became visible (appearing to glow white) when a participant looked at
them from the correct angle and within a 10 cm proximity.

In the CAAV condition, attention-based coloring supported collabo-
ration: voxels changed color to indicate where participants had looked
(blue for the local user, orange for the partner, and pink for areas
explored by both). Participants could toggle the visibility of these atten-
tion indicators using a controller button, enabling strategic exploration
of unsearched regions and potentially enhancing collective search.

The number of targets was set to five percent of total voxels for each
visualization type, with targets distributed pseudo-randomly across
the visualization volume using a seeded random generator to ensure
reproducibility. For the terrain condition, targets were constrained to
lie on or near the terrain surface; for the scatterplot condition, targets
were distributed throughout the 3D volume surrounding the data points.
This distribution ensured that no single region was disproportionately
target-rich, requiring pairs to explore the full visualization space.

Task Rationale. The “treasure hunt” was designed to isolate core
coordination challenges while remaining simple enough to produce
measurable outcomes within controlled conditions, aligning with estab-
lished guidance for synthetic tasks [18,65]. We chose manual spatial
scanning because the coordination challenge arises from unknown tar-
get locations distributed across a shared 3D space. Unlike filter-based
approaches that bypass spatial exploration entirely, manual scanning
requires pairs to decide how to divide spatial coverage, making atten-
tion awareness directly relevant to task success. This design parallels
“needle in a haystack™ scenarios common in exploratory data analy-
sis [24,49].

Using both continuous (Terrain) and discrete (Scatterplot) visual-
izations allowed us to test CAAV across different data representation
types. The terrain provides natural landmarks and spatial continuity
that may support coordination even without CAAYV, while the uniform
scatterplot lacks such affordances, allowing us to assess whether CAAV
provides greater benefit in abstract environments.

5.5 Procedure

Participants provided informed consent, filled out a demographic form,
and received a brief introduction to the system and task. The order of
CAAV and No-CAAV conditions was counterbalanced across pairs.
Before each condition, participants completed a brief training session
to familiarize themselves with the XR environment, controls, and (for
CAAV conditions) how to trigger and interpret attention visualizations.

Each pair completed the treasure hunt for both visualization types.
After each visualization, participants completed a brief questionnaire
about their experience and coordination strategies. Throughout the
study, we recorded target counts, spatial coverage, attention overlap
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enters the session
Sees User A's attention

User A enters the session
Sees their own attention

Both see each other’s attention
If shared, voxels turns pink

N\ L.
7 time The white circle is a gaze reticle that shows the center of the head
gaze. The white voxels discovered by the users here are targets.

The system also has a legend that indicates which user is which.

Figure 6: HeedVision collaborative attention-aware visualization scenario. (A) How attention visualization evolves: User A initially sees only
their own attention; when User B joins, User A’s accumulated attention becomes visible; as both discover targets, each sees both trails, with shared
regions in pink. Entry order was counterbalanced across pairs; the sequential appearance in (A) is illustrative. (B) Interface detail: gaze reticle (white
circle at head-gaze center), discovered targets (white voxels), and the color legend encoding user identity.

between participants, frequency of attention visualization triggering
(CAAV condition), and verbal communication patterns.

After completing all conditions, participants were administered a
System Usability Scale (SUS) questionnaire [13] and participated in a
semi-structured interview about their experience.

6 RESULTS

We evaluated CAAVs to understand their impact on collaborative coor-
dination during visual search tasks. Our findings reveal that attention
visualization’s effectiveness depends on visualization context, with
different patterns emerging across abstract discrete environments (scat-
terplots) and continuous spatial environments (terrain). In scatterplot
environments, pairs using CAAV showed improvements in coordina-
tion efficiency and reduced redundant exploration, while terrain envi-
ronments revealed important boundary conditions for when attention
visualization helps versus when existing environmental cues suffice.

6.1

We measured task performance through four complementary metrics.
Target Discovery (percentage of targets found) captures task success
directly. Coverage (percentage of space explored) reflects search thor-
oughness. Coverage Efficiency is the ratio of percent targets found
to percent space explored; values above 1.0 indicate pairs found tar-
gets faster than uniform random exploration would predict, assuming
roughly uniform target distribution, met by design for scatterplot but
only approximate for terrain, where targets are constrained to the sur-
face. Gain Metrics compare pair performance to individual baselines,
revealing whether collaboration improved outcomes beyond individ-
uals; target gain is computed as the pair’s target count divided by the
mean of the two individuals’ target counts from the same condition,
measuring the multiplicative benefit of working together.

Given our small sample (N=8 pairs), we supplement descriptive com-
parisons with non-parametric bootstrap confidence intervals (10,000 re-
samples) and Hedges’ g effect sizes to contextualize effect magnitudes
without assuming normality [18] (see Appendix 9.2). Pairs with CAAV
showed improved performance across these measures. For scatterplot,
CAAV pairs found 78.5% of targets compared to 62.4% without at-
tention visualization (A = +16.1 pp, BCa 95% CI [—0.012, +0.293],
g = 1.12; BCa just spans zero at N=4, treat cautiously), while covering
76.5% of the space versus 67.1%. In terrain, CAAV pairs found 26.0%
of targets versus 19.6% without (A = +6.4 pp, BCa CI spans zero),
and covered 24.6% versus 18.8% of the space.

Coverage efficiency exceeded 1.0 with CAAV in scatterplot con-
ditions (1.027) but dropped to 0.920 without attention visualization
(A = +0.106, BCa 95% CI [—0.050, +0.185] spans zero; directional,
not confirmed), suggesting more effective search behavior with visual
feedback. Terrain conditions showed similar efficiency regardless of
CAAV presence (0.999 with CAAV, 1.027 without; A = —0.028, BCa

Task Performance

Coverage Metrics by Condition

78.5 76.5

Bl Target Coverage (%)
Bl Voxel Coverage (%)

75 67.1

50

26.0 24.6

Coverage Metrics (%)

25 - 19.6 18.8
Scatter Scatter Terrain Terrain
x CAAV  x No CAAV x CAAV x No CAAV
Condition

Figure 7: Target and voxel coverage by condition. Conditions are
grouped by visualization type then by CAAV presence. CAAV conditions
show higher target discovery rates, with scatterplot environments achiev-
ing substantially better coverage than terrain.

CI [—0.182, 40.093], null), suggesting that terrain geometry itself pro-
vides coordination cues. The collaborative advantage was also evident
in gain metrics: target gain was higher with CAAV in scatterplot condi-
tions (1.33 vs. 1.19, A = 40.138, CI spans zero), while terrain condi-
tions showed collaboration benefits (1.46 with CAAV vs. 1.19 without).
The terrain coordination gain is our strongest bootstrap-supported result
(A = 40.277, BCa 95% CI [0.112,0.450], g = 1.67, permutation
p = 0.029; all four CAAV pairs outperformed the No-CAAV mean;
both BCa and percentile methods agree).

6.2 Spatial Coverage and Coordination

To understand how pairs coordinated their exploration, we examined
redundancy patterns alongside coverage. Redundancy measures dupli-
cated exploration using normalized Shannon entropy: lower entropy
implies more overlap, while higher entropy indicates diverse, non-
redundant exploration.

Pairs using CAAV showed reduced redundancy, but patterns diverged
by visualization type. For scatterplot tasks, normalized redundancy
dropped from 11.3% (control) to 3.3% (CAAV); this represents approx-
imately a 70% reduction (A = —0.058, BCa CI [—0.172, —0.002];
BCa marginal, exact permutation p = 0.257; treat as directional),
though we note that some redundancy may be desirable (e.g., delib-
erate verification of a partner’s findings), so this reduction should be
interpreted alongside strategy data rather than as an isolated positive
outcome. For terrain tasks, however, CAAV increased redundancy
from 4.0% to 14.9%. This reversal suggests that attention visualization
interacts differently with environments that already contain natural
coordination cues.
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Figure 8: Redundancy by condition. Lower values indicate less overlap
in exploration. CAAV substantially reduces redundancy in scatterplot
environments but increases it in terrain, suggesting that attention visu-
alization benefits depend on whether the environment already provides
natural coordination cues.

Behavioral observations help explain this pattern. Participants in
terrain + CAAV conditions often made deliberate second passes over
explored areas, as if attention visualization made coverage gaps more
salient and encouraged thoroughness over efficiency. Terrain landmarks
(peaks, valleys) naturally guided both participants toward the same
prominent features; attention visualization then highlighted rather than
prevented this convergence.

Post-hoc correlation analysis supports this interpretation. We com-
puted terrain gradient magnitude (steepness at prominent features like
ridges, peaks, and valleys) across the surface, then correlated it with
spatially-aggregated attention heatmaps from all terrain conditions. Ter-
rain gradients correlate strongly with collaborative attention (Fig. 9):
Pearson » = 0.490 and Spearman p = 0.561 (both p < 0.0001).
Attention was also substantially more concentrated in terrain conditions
(coefficient of variation: 2.231) than in scatter (1.030).

Together, these findings reveal the mechanism underlying terrain
redundancy: prominent features act as natural landmarks that draw
collaborative attention regardless of CAAYV, reframing our terrain re-
sults not as CAAV failure but as evidence that attention visualization’s
utility depends on the coordination affordances already present in the
environment.

Attention

Terrain Gradient Overlay

81 8
‘ - o
161% 16
24— 24
8 16 24 8 16 24 8 16 24
Gradient Attention Combined
0 100 5 10 15 0.25 0.50 0.75

Figure 9: Terrain gradient-attention correlation. Left: gradient mag-
nitude map (darker regions are steeper features that serve as natural
landmarks). Center: aggregated attention heatmap from all terrain con-
ditions. Right: overlay of the two. The strong correlation (Pearson
r = 0.490, Spearman p = 0.561, both p < 0.0001) shows participants
converged attention on prominent features (peaks, ridges, valleys), ex-
plaining the higher redundancy in terrain vs. scatterplot.

Coordination efficiency reflected intentional strategies. For scatter-
plot, participants described systematic division: “split into front/back
faces for each of us” [P7, G4] and “checking the color of CAAV, which
matches our initial plan” [P8, G4]. Without CAAV, pairs struggled and
“had to double-check everything the other person looked at” [P7, G4].

6.3 Collaborative Strategies

Through systematic thematic analysis [11] of post-study questionnaires,
exit interviews, and observed behaviors, we identified six collaborative
strategies (Table 2). The analysis involved multiple coding passes:
initial familiarization, systematic coding of coordination behaviors,
pattern identification across conditions, and theme validation against
quantitative behavioral data. CAAV conditions enabled more sophis-
ticated coordination patterns (spatial division, i.e., dividing the en-
vironment into assigned regions; systematic search, i.e., methodical,
structured exploration; and visual feedback utilization, i.e., leveraging
voxel colors for awareness) while reducing reliance on verbal coordi-
nation. In abstract scatterplot environments, CAAV replaced verbal
coordination entirely: P8 noted that “we have no verbal communication
during the condition where we have [CAAV]” [P8, G4]. While reduced
verbal load may reflect lower coordination cost, it may also indicate
less joint discussion and weaker grounding [16]; the shift to visual-
channel coordination warrants caution in interpretation. Without CAAYV,
pairs developed compensatory strategies such as physical synchroniza-
tion (aligning markers in physical space). Terrain showed the richest
strategy diversity regardless of CAAV presence, with pairs combining
landmark-based navigation with other strategies. This explained why
CAAV provided less incremental benefit where the environment itself
already supported effective coordination through its spatial structure.

Table 2: Collaborative strategies by experimental condition. Scatter-
plot (S) vs. Terrain (T); No CAAV (no) vs. CAAV (yes). Numbers indicate
participant counts per strategy (by pair); participants may appear in multi-
ple categories as pairs often employed multiple strategies simultaneously.
CAAV conditions supported systematic search and visual feedback, re-
ducing verbal coordination, while non-CAAV conditions relied more on
verbal and compensatory strategies in abstract environments. For exact
quotes by each pair in each category, see Appendix 9.1.

Strategy S/No S/Yes T/No T/Yes
Spatial Division 2 4 3 2
Landmark Navigation 2 0 3 5
Systematic Search 0 4 1 2
Verbal Coordination 3 0 1 1
Visual Feedback 0 2 0 5
Physical Synchronization 2 0 0 0

6.4 Attention Visualization Usage

We logged toggle frequency and visibility duration (the toggle was
available in CAAV conditions only). Most participants kept the atten-
tion visualization active for approximately 75.2% of session duration,
and all participants used the toggle feature, indicating active manage-
ment of the interface rather than passive acceptance (per-participant
toggle timelines are provided in the supplementary materials).

Toggle behavior varied: while some rarely disabled the visualiza-
tion, others toggled it frequently, though “off” periods remained brief,
suggesting participants valued the awareness cues despite visual com-
plexity. P6 explained: “it was nice to be able to tell what the other
person had seen... but having it turned off made the interface less
overwhelming” [P6, G3]. P9 was a notable exception, keeping the
visualization inactive for the majority of their session; this individual
difference, consistent with P6’s observation above, suggests tolerance
for persistent attention overlays varies and warrants consideration in
future implicit-triggering designs.

6.5 Subjective Assessment

Post-study ratings showed clear support for attention visualization:
93.8% preferred CAAV conditions, with 81.3% strongly agreeing that
CAAV improved collaboration. Preferences split between Scatter +
CAAV (50.0%) and Terrain + CAAV (43.8%), with awareness of partner
actions as the most cited reason.

The mean SUS score was 74.38 (SD = 19.79), above the 68 bench-
mark for good usability [3, 13]; 81.3% of participants scored above
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this threshold, with only one outlier (P1, who preferred the non-CAAV
condition). NASA TLX ratings showed 24% lower overall workload
with CAAV (2.79 vs. 3.69 on a 1-7 scale), with reductions in mental
demand (2.50 vs. 3.81), frustration (33% lower), and temporal demand
(24% lower). However, bootstrap analysis reveals a directional pattern
of higher workload with CAAV in terrain conditions (A = +0.69 on
the 1-7 TLX scale, CI spans zero), consistent with qualitative reports of
visual complexity; though this does not reach reliable statistical support,
the direction aligns with the terrain redundancy increase and strategy
observations. Overall, CAAV provided clear subjective coordination
benefits in scatterplot conditions, even as terrain conditions introduced
mixed workload effects.

6.6 Qualitative Experiences

Participants described CAAV as transforming collaboration from effort-
ful coordination to intuitive teamwork (“seeing my partner’s footsteps
or breadcrumbs in real time”), and frequently cited the color encoding
as helpful: “it was orange where they looked and got pink if I looked at
it as well” [P5, G3]. Communication shifted markedly: without CAAV,
detailed spatial descriptions dominated; with CAAYV it became strategic
(“you complete my area and I complete your area” [P5, G3]), and
several pairs reported no verbal communication at all. Many treated the
task as collaborative gameplay, aiming for “a nice blue side and a nice
orange side with very little overlap” [P6, G3]. Challenges centered on
visual complexity over time, system latency (“The delay is too much”
[P2, G1]), and occlusion of unexplored marks behind others’ attention
color. Despite these concerns, overall perception was positive, with
participants envisioning gentler decay: “It would be nice if color of
your attention would fade away [without noticing]” [P8, G4].

7 DiscussION

Our study explored whether and how collaborative attention visual-
ization affects coordination in immersive environments, rather than
identifying an optimal CAAV configuration. CAAVs can improve spa-
tial coordination, search efficiency, and task load distribution, though
these benefits are strongly context-dependent.
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CAAVs address group awareness [25] by making attention patterns vis-
ible, enabling what resembles “stigmergy” [23]: coordination through
environmental cues rather than direct communication. The attention
heatmaps function as “read wear” [30] for collaborative visualization:
a form of social navigation [20] where users’ traces become explicit
and actionable. This cognitive offloading, no longer needing to track a
partner’s activities or verbally coordinate, let participants focus on the
analytical task itself, and was especially effective in scatterplots, where
pairs naturally distributed efforts.

This mechanism differed by visualization type: our gradient-
attention correlation (Section 6.2) suggests prominent terrain features
drew both collaborators’ attention regardless of CAAV presence, provid-
ing built-in stigmergic cues, so explicit visualization added redundant
channels, consistent with natural partitioning in continuous spatial
environments [21].

Importantly, our metrics (target discovery, redundancy, verbal com-
munication, strategy shifts) are indirect proxies for group awareness
rather than direct measures; we did not assess recall of partner activity,
perceived awareness quality, or common ground, so future work should
add partner-awareness ratings or recall tasks.

Explaining the Results

7.2 Generalizing the Results

Within the scope of our visual search evaluation, CAAVs are likely
beneficial when the visualization is abstract and discrete (lacking
landmarks), collaborators must divide a large search space, the task
requires exhaustive coverage, and verbal descriptions of locations
are difficult. Conversely, within this same scope, CAAVs may be less
beneficial when the visualization has inherent spatial structure, or
if the visual complexity is already high. These conditions suggest
CAAVs would be particularly valuable for high-dimensional data ex-
ploration (t-SNE, UMAP projections), molecular structure analysis,

and 3D network visualization, though further evaluation with domain-
specific tasks is needed to confirm this across the broader immersive
analytics design space [53]. Our random scatterplot represents an
edge case, as real-world dimensionally-reduced data typically exhibits
clustering; we used random sampling to create a “pure” abstract envi-
ronment without emergent structure.

All results derive from synchronous, co-located pairs, so generaliza-
tions to other settings should be made with caution. Still, distributed
collaboration could plausibly benefit even more, as attention visual-
ization supplies awareness otherwise absent, and asynchronous teams
could leverage attention decay for historical handoffs [54].

7.3 Limitations and Future Work

Several technical constraints bound our implementation: the voxel-
based approach becomes expensive at high resolutions or with many
users, though adaptive resolution or GPU-accelerated tracking could
help. Head orientation is a coarser attention proxy than eye tracking;
we expect our findings would transfer to eye-tracking with potentially
stronger effects. Our evaluation scope also constrains generalizability:
we built functional prototypes for all the remaining three quadrants,
but formally evaluated only HEEDVISION’s world-space embedded
configuration. These proof-of-concepts also use BroadcastChannel
local synchronization rather than cloud infrastructure and run VR-only;
maturing them for networked, co-located AR remains future work. Our
single task type, two-condition, pairs-only design cannot capture the
full complexity of collaborative analysis; future work should examine
diverse tasks, larger teams, and selective sharing mechanisms that let
collaborators choose when their attention is revealed.

A further limitation is our single baseline: comparing CAAV against
no attention visualization does not isolate the contribution of accumu-
lated attention history. Alternative baselines, including shared gaze
rays, pointer trails, manual markers, or minimap overlays, might yield
similar benefits, and future work should include at least one such com-
parison to disentangle attention persistence from other forms of shared
awareness. Finally, future CAAVs could incorporate semantic attention,
extending RQ2 from spatial to data-element-level recording: this would
require a data-aware architecture and could enable displays such as
“most-attended data clusters” overlays for collaborative sensemaking.

8 CONCLUSION

We introduced Collaborative Attention-Aware Visualizations (CAAVs),
extending attention awareness from individual to multi-user immersive
analytics. We answer our three questions at two levels: the design space
enumerates the answer space for capturing (RQ1), recording (RQ?2),
and revisualizing (RQ3) collective attention, while HEEDVISION sup-
plies one validated point-answer per question. It instantiates the world-
space embedded configuration, evaluated with eight co-located pairs
in augmented reality, with benefits our study bounds to the contexts
where they hold.

Our exploratory study provides initial evidence that CAAV effective-
ness depends critically on visualization context, specifically in spatial
visual search tasks; whether this extends to richer analytical activities
such as hypothesis generation or sensemaking remains open. In abstract,
discrete environments such as scatterplots, CAAVs reduced redundant
exploration and enabled emergent coordination strategies, while terrain
environments yielded a large coordination gain (A = +0.277, BCa
CI [0.112,0.450], g = 1.67, p = 0.029, our strongest result) even
as attention visualization sometimes interfered with natural coordina-
tion cues, suggesting that CAAV design must carefully consider the
affordances of the visualization space itself.

We offer the CAAV design space as a preliminary generative frame-
work rather than a prescription; its remaining configurations await
systematic evaluation. As immersive analytics moves toward multi-
user settings, attention-aware approaches offer a promising path to
collaborative sensemaking in spatial workspaces.

SUPPLEMENTAL MATERIALS

All supplemental materials are available on OSF at osf.io/frsp8,
released under a CC BY 4.0 license. They comprise analysis files for
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the task performance, NASA TLX, SUS, and qualitative analyses; the
collected experimental data, including spatial attention logs, toggle
event streams, and survey responses; study materials; and source code
for HeedVision and the three proof-of-concept implementations.
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9 APPENDIX
9.1 Collaboration Strategy Quotes

Below we present representative participant quotes organized by col-
laboration strategy and condition. Conditions are abbreviated as S+C
(Scatter+CAAV), S (Scatter+No CAAV), T+C (Terrain+CAAV), and T

(Terrain+No CAAV).

9.1.1
S+C:

Spatial Division

[G2-P3] “We cut the space into top and bottom, and one
search for top another search for the bottom.”

[G4-P7] “Split into front/back faces for each of us. Then go
from left/right faces.”

[G4-P8] “Separate the task space to have everyone working
on different regions.”

[G6-P11] “We split the environment into two halves and
each took responsibility for one half.”

[G1-P1] “I was looking at the points within the area agreed
upon with my partner (in a ‘I go left, you go right’ manner).”
[G8-P16] “We attempted to divide the Scatter space geomet-
rically.”

T+C:

[G3-P5] “We assigned each other two different regions, back
and front, and then top and bottom.”

[G3-P6] “We split the map down the middle, using the
geometry as a guide.”

[G2-P3] “Try to separate the area first and then, once I feel
like seeing everything, I start working on my partner’s area.”

[G5-P9] “We decided to split the map into different region
and each one of us would be responsible for a specific
region.”

[G5-P10] “We split the environment equally between us. |
searched the back half of the environment.”

9.1.2 Landmark-based Navigation
S

[G1-P1] “I shared its location with them using relative loca-
tion of the point to landmark I could identify.”

[G8-P16] “Describe found targets using relative positions
to clusters.”

T+C:

[G1-P1] “I was trying to explain positions of the target I had
found by relating it to the closest landmarks.”

[G7-P13] “We used the terrain features to divide the envi-
ronment.”

[G7-P14] “We divided the terrain using natural landmarks.”
[G8-P15] “We used terrain landmarks to divide the space.”
[G8-P16] “Divided terrain using natural features.”

[G4-PT7] “We split the graph based on terrain feature.”
[G5-P10] “We used landmarks and described roughly in
which area we found the targets.”

[G6-P11] “We tried to divide the terrain using landmarks
and verbally described locations.”

12

9.1.3 Systematic Search
S+C:

[G4-P7] “At last we just randomly check the other CAAV
left unexplored.”

[G4-P8] “After first round search, double check the same
designated region.”

[G6-P11] “I focused on systematically exploring my as-
signed region while keeping track of found targets.”

[G6-P12] “I took one half and systematically searched
through it.”

T+C:

[G3-P6] “When we found we were looking at the same place
one of us moved away.”

[G7-P14] “I worked systematically through my assigned

area.”

T.
[G4-P8] “Swap position (relative to the visualization) to
double check.”

9.1.4 Verbal Coordination

S:
[G1-P2] “My partner and I gave each other verbal hints as
we were in the same physical room.”
[G7-P13] “We tried to coordinate verbally by describing
positions relative to the Scatter structure.”
[G8-P15] “We tried to coordinate by describing positions in
the Scatter space.”

T+C:
[G1-P2] “In addition to verbal communication we were also
using our gaze.”

T.

[G6-P11] “We tried to divide the terrain using landmarks
and verbally described locations.”

9.1.5 Visual Feedback Utilization
S+C:

[G2-P3] “The color is easy to distinguish where need to be
double check.”

[G6-P12] “The visualization helped us avoid overlapping
searches.”

T+C:

[G1-P2] “We were also using our gaze and the highlights
that they created to describe positions.”

[G7-P13] “The voxel visualization to track our progress.”
[G7-P14] “Used the voxel system to avoid redundant
searches.”

[G8-P15] “Relied on the voxel visualization to track our
collective progress.”

[G8-P16] “Used voxel feedback to optimize our search pat-
terns.”

9.1.6 Physical Synchronization
S:
[G3-P5] “We aligned our markers in the physical space,

aiming to have the same virtual 3D space.”

[G3-P6] “We placed the Scatter in the same location in the
room using the yellow triangle.”
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9.2 Bootstrap Analysis

This appendix reproduces the analysis introduced in Section 6: the
key findings and methods, the per-geometry bootstrap results (Tables 3
and 4), and the effect-size plots (Figures 10-13). All estimates use B =
10,000 BCa bootstrap resamples (seed = 42) and exact permutation
tests (all (Z) = 70 reassignments enumerated), with N = 4 pairs per
cell.

Key findings.
¢ Terrain coordination gain. CAAV pairs covered 27.7% more
ground relative to their stronger individual member (A = +0.277,

BCa 95% CI [0.112,0.450], g = 1.67 large, exact-p = 0.029).
This is the only effect whose interval clears zero.

¢ Scatter target discovery. CAAV pairs found 16.1% more targets
(A = 40.161, BCa 95% CI [—0.012,0.293], g 1.12 large,
exact-p = 0.114), suggestive, not confirmed.

* SUS. M = 65, BCa 95% CI [54, 72], within the “OK” band (51—
68).

Statistical methods. BCa bootstrap confidence intervals (Efron,
1987): B = 10,000 replicates, seed = 42, correcting for both bias (zo)
and skewness/acceleration (a, estimated via jackknife) in the bootstrap
distribution. Exact permutation test: with N = 4 per cell, all (i)
70 reassignments are enumerated exhaustively, giving exact p-values
with no Monte Carlo variance (the minimum achievable two-tailed
pis 2/70 &~ 0.029). Hedges” g: small-sample corrected Cohen’s d
(J =1-3/(4df — 1), df = 6). Both bootstrap and exact permutation
p are reported; conclusions follow the more conservative value. Each of
the 8 pairs completed exactly one CAAV and one No-CAAV condition,
so within-geometry comparisons are between-pairs (n = 4 per cell).

Effect of CAAV (S = Scatter, T = Terrain)

S: Target discovery -

S: Coverage efficiency

S: Shannon NR (1—H/Hma*) -
S: Coordination gain

S: NASA-TLX (1-7) A

T: Target discovery

T: Coverage efficiency -

T: Shannon NR (1—H/Hma*) 4

T: Coordination gain -

}ifiili‘if

T: NASA-TLX (1-7) 4

-1 0 1
A (CAAV — No CAAV), BCa 95% ClI

I exact-p < .05 MW exact-p <.10 [ exact-p = .10

Figure 10: Effect of CAAV. Forest plot of A (CAAV — No CAAV) with BCa
95% Cls for the primary metrics. Colour encodes the exact permutation
p-value: green p < 0.05, amber p < 0.10, grey p > 0.10. The dashed
line marks A = 0; only the terrain coordination gain clears it.

13

Group means with BCa 95% Cls
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Figure 11: Group means. Condition means with BCa 95% Cls for the
primary metrics (blue: CAAV, red: No CAAV).
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Table 3: Scatter conditions: bootstrap results (first results table of the analysis report; N = 4 per cell). M = mean; BCa Cl = bias-corrected-and-
accelerated 95% confidence interval; A = CAAV — No CAAV; g = Hedges’ g. Significance badges follow exact-p: ** p < 0.01, * p < 0.05, { p < 0.10,

ns p > 0.10. CIN0 marks whether the A interval contains zero.

Sig Metric CAAV M [BCaCI] No CAAV M [BCaCI] A [BCaCI] g boot-p exact-p CINO

ns Target discovery (%  0.7851[0.732,0.860] 0.624 [0.494,0.777] +0.161 [—0.012,0.293] 1.12 (large)  0.022* 0.114 Yes
found)

ns Coverage efficiency 1.025 [0.979, 1.065] 0.919[0.848,1.041] +0.106 [—0.050, 0.185] 1.01 (large)  0.083  0.143 Yes

ns  Redundancy: Shannon  0.014 [0.003,0.021] 0.071 [0.018,0.175] —0.058 [—0.172,—0.002] —0.69 (med.) 0.038* 0.257 No
NR

ns  Coordination gain  0.330[0.027,0.449] 0.193 [0.083,0.306] +0.138 [—0.121,0.300] 0.70 (med.) 0.102 0314 Yes
(over best indiv.)

ns NASA-TLX compos- 3.312[2.917,3.854] 4.083 [3.083,4.833] —0.771[—1.812,0.188] —0.79 (med.) 0.065t 0.314 Yes
ite (1-7)

ns  Session duration (s) 1022.5[651.5,1712.0]  893.1 [679.4,1214.0] +129.4 [—352.1,946.0] 0.22 (small)  0.374  0.857 Yes

Table 4: Terrain conditions: bootstrap results (N = 4 per cell; columns as in Table 3). The terrain coordination gain is the single effect that

reaches significance (A = +0.277, exact-p = 0.029) and whose A interval excludes zero.

Sig Metric CAAV M [BCaCI] No CAAV M [BCaCI] A [BCa CI] g boot-p exact-p CINO

ns  Target discovery (% 0.260 [0.084,0.401] 0.196 [0.143,0.249] +0.064 [—0.111,0.207]  0.42 (small) 0.224 0.514 Yes
found)

ns  Coverage efficiency 0.999 [0.862, 1.094] 1.027 [0.938, 1.088] —0.028 [—0.182,0.093] —0.22 (small) 0.725 0.743 Yes

ns  Redundancy: Shannon 0.106 [0.007,0.297] 0.019 [0.011,0.032] +0.087 [—0.012,0.285]  0.57 (med.) 0.282 0.771 Yes
NR

* Coordination gain  0.464 [0.398,0.550] 0.187 [0.014,0.340] +0.277[0.112,0.450] 1.67 (large)  0.000** 0.029* No
(over best indiv.)

ns NASA-TLX compos- 4.229 [3.875,4.833] 3.542 [2.708,4.167] +0.688 [—0.104, 1.625]  0.83 (large) 0.061+  0.257 Yes
ite (1-7)

ns  Session duration (s) 872.2[703.1,1161.6] 760.6 [674.7,847.0] +111.5[—84.9,424.6] 0.46 (small) 0.198 0.629 Yes
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Per-pair raw values Bootstrap distributions (B = 10,000)
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Figure 13: Bootstrap distributions of A (B = 10,000) for the two

Figure 12: Per-pair raw values for the two main findings; horizontal lines ~ Primary metrics. Solid line: observed A; dashed lines: BCa 95% Cl
mark the condition means. bounds; dotted line: null (A = 0).
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