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Figure 1: Uncertain Pointer explores feedforward visualizations that convey input ambiguity and facilitate disambiguation. For

example, when (a) speech input is ambiguous, (b) visual identifiers such as color labels can distinguish candidates and support

verbal clarification (e.g., saying “the pink one”), or when (c) users’ pointing input to query grocery items refers to multiple

possible targets, (d) Uncertain Pointers help narrow the candidate set to aid selection (e.g., using reduced control-display gain)

while keeping the system’s interpretation transparent.

Abstract

Target disambiguation is crucial in resolving input ambiguity in
augmented reality (AR), especially for queries over distant objects
or cluttered scenes on the go. Yet, visual feedforward techniques
that support this process remain underexplored. We present Uncer-
tain Pointer, a systematic exploration of feedforward visualizations
that annotate multiple candidate targets before user confirmation,
either by adding distinct visual identities (e.g., colors) to support
disambiguation or by modulating visual intensity (e.g., opacity) to
convey system uncertainty. First, we construct a pointer space of
25 pointers by analyzing existing placement strategies and visual
signifiers used in target visualizations across 30 years of relevant
literature. We then evaluate them through two online experiments
(n = 60 and 40), measuring user preference, confidence, mental ease,
target visibility, and identifiability across varying object distances
and sparsities. Finally, from the results, we derive design recom-
mendations in choosing different Uncertain Pointers based on AR
context and disambiguation techniques.
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1 Introduction

Pointing or referencing an object or region of interest is a funda-
mental part of human action, helping to establish shared attention
and ground the subject of interaction [33, 34]. Recent advances
in display technology, spatial tracking, and AI have enabled this
behavior to extend into augmented reality (AR). Smart glasses and
AR headsets (e.g., Meta Orion1, Snapchat Spectacles2, and VIVE
Eagle3) now support multimodal interactions that allow users to
point, gesture, and speak about real-world objects in situ, anytime,
and on the go.

However, despite their ubiquity and convenience, such queries
are often prone to ambiguity in user input. For example, although
voice input is natural [44, 112], verbal commands, in particular,
are prone to linguistic ambiguity (e.g., syntactic ambiguity [186]
or pronoun ambiguity), a long-standing challenge dating back to
Bolt’s visionary “Put That There” system [15] and its successors [35,
95, 218]. Moreover, input on-the-go introduces tradeoffs in stability
and precision, including requiring significantly more interaction
time [225] and strategies to compensate for input noise [86]. Lastly,
AR-based target queries can be affected by target complexity, such
as object distance [203] and clutter [82], which hinder both system
recognition and user specification. To illustrate, consider a wearer
of smart glasses passing down the street (Figure 1a), gazing toward
an upcoming group of traffic signs and asking, “What does that sign
say?” The system must resolve multiple ambiguities: ambiguous
linguistic reference (“that sign”), noisy gaze-pointing due to motion,
and multiple plausible targets being far and densely packed.
1Meta Orion https://about.meta.com/realitylabs/orion/
2Snapchat Spectacles https://www.spectacles.com/
3VIVE Eagle https://www.vive.com/us/product/vive-eagle/overview/
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To address such input ambiguity, researchers have investigated
explicit disambiguation techniques that require users to take addi-
tional steps to refine their inaccurate input and disambiguate one
target from many [57, 96, 158, 209, 215]. Within these disambigua-
tion methods, visualizations are commonly integrated as a lasso,
a colored area, or a bounded region to indicate an initial coarse
selection. However, they are seldom evaluated or systematically
compared. Furthermore, most existing visualizations for disam-
biguation have been developed and tested in plain scenes, where
object characteristics are tightly controlled. In contrast, real-world
objects in AR scenarios vary significantly in distance and density.
As a result, determining which visualizations are best suited for
different AR disambiguation contexts remains an open question.

In this paper, we move beyond input to investigate visualizations
that support disambiguation and convey uncertainty during AR
target selection across varied object layouts. Our key observation
is that explicit disambiguation techniques begin with an ambigu-
ous, coarse selection step, in which a set of candidate objects is
identified. To support this, we explore visualizations that annotate
multiple potential targets in AR, which we term Uncertain Point-
ers.4 Specifically, we investigate three types of pointer designs: (1)
Level pointers (Figure 1c & d) modulate visual intensity of annota-
tions (e.g., size, opacity) to convey system uncertainty or selection
likelihood transparently. The graded information also inherently
enables spatial disambiguation via gaze or pointing as there is a
clear indication of the direction in which the user shall adjust their
input. (2) Identity pointers (Figure 1a & b) assign distinct, non-
hierarchical identities (e.g., color, letters) to each candidate without
implying likelihood, supporting verbal disambiguation via added
unique and descriptive attributes. (3) Certain pointers annotate a
single object, highlighting the system’s single top selection directly.
We include this as a baseline, but also for a highly certain AR se-
lection scenario and implicit disambiguation techniques that do
not include a first-step coarse selection. While each pointer type is
suited for different disambiguation strategies, they are not mutually
exclusive. Systems can combine them, e.g., using Level Pointers
for first-step coarse selection and then Identity or Certain Pointers
for finer verbal resolution within the selected targets set. Thus,
our investigation offers flexible visualization choices adaptable to
various disambiguation workflows, along with their tradeoffs and
design considerations.

To explore potential designs for Uncertain Pointers, we first con-
ducted a holistic systematic survey into target-dependent visualiza-
tion techniques regarding feedforward visualization, uncertainty
visualization, and situated visualization from the past 30 years of
publications at ACM CHI, UIST, DIS, VRST, SUI, and AutomotiveUI,
along with IEEE TVCG, ISMAR, 3DUI, and VR. This survey in-
formed the characterization of the four major pointer archetypes
(i.e., external, internal, boundary, and fill) along with the
four most prevalent visual signifiers (i.e., color, size, opacity, and
text), which can be combined with our three pointer types that
convey different degrees of uncertainty complexity (i.e., certain,
identity, and level). We explore how these archetypes, signifiers,
and uncertainty complexities can be combined to form new possible
4Terminology: Throughout the paper, we use Uncertain Pointer (singular) to denote
our work as a whole, and Uncertain Pointers (plural) to denote the set or any subset of
specific pointer designs and candidates.

visualizations, resulting in Uncertain Pointer’s pointer space of 25
candidates.

We then conducted two pre-registered, online user studies to
evaluate how well Uncertain Pointers communicates system un-
certainty, improves target noticeability, and minimizes occlusion,
along with subjective metrics such as user preference and perceived
mental effort. The evaluations covered 4 target-complexity scenar-
ios (near/far × dense/sparse) and 3 target-count levels. To manage
the number of conditions per study, Study 1 (n = 60) focused on
certain and identity Pointers, which informed the exclusion of
low-performing designs. Study 2 (n = 40) then evaluated level
visualizations. Finally, based on the findings, we derived design rec-
ommendations and usage examples for applying Uncertain Pointers
across AR scenarios.

In sum, this work systematically investigates Uncertain Pointers
to communicate input uncertainty for AR target selection:
� We conducted a literature survey to categorize existing feedfor-
ward and uncertainty visualizations (at TVCG, CHI, ISMAR, DIS,
UIST, IEEE VR, 3DUI, AutomotiveUI, SUI, and VRST conferences)
and generate Uncertain Pointer’s pointer space.
� We investigated the effectiveness of Uncertain Pointers and their
trade-offs using two preregistered online studies (n = 60 and 40,
respectively) across different background and target complexities.
� We provided design recommendations and example uses for fu-
ture systems utilizing Uncertain Pointers.

2 Related Work

2.1 Selection Ambiguity and HCI

Since the introduction of Fitts’ Law to HCI [119], it has been clear
that small and distant targets are harder to select. As computing
form factors evolved, more sources of input ambiguity emerged,
including motor limitations (e.g., the fat-finger problem), input
during movement [225], linguistic ambiguity [44, 112], and system
recognition errors. To address these, researchers have explored
implicit disambiguation that utilizes additional input information or
performs extra analysis on input behavior [41, 77, 107, 165, 179, 184]
and explicit disambiguation strategies that require users to perform
refinement or clarification for final selection [5, 57, 96, 215].

For implicit disambiguation in 2D interfaces, Bubble Cursor [56]
utilizes target proximity to dynamically resize its activation area and
acquire the closest target. MAGIC mouse technique leverages gaze
information to improve clicking accuracy [45]. Other systems use
icon semantics [23], voice [136], or statistical criteria from users’
pointing [111, 165] and touch input [12, 169] behaviors. For VR
and AR, some implicit disambiguation techniques extend existing
2D techniques to 3D (e.g., 3D bubble cursor [192] or selection-by-
volume [41]), while others adopt depth estimation [124], 3D gestural
recognition [85, 116], or mobile gaze prediction [8], along with
techniques that leverage the human’s inherent multimodal habit
in 3D spatial interaction, such as utilizing gaze attention during
speech query [107] and speech with gestural input [108, 135].

Despite their unobtrusiveness, implicit disambiguation methods
fail under degraded sensing conditions or when user intent cannot
be reliably inferred. For example, when the sensing channel is noisy,
critical cues are occluded or unavailable, or the user input is ambigu-
ous or incomplete for the intended input channel. These issues are
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especially common for lightweight, ubiquitous devices in uncertain,
dynamic contexts, where occlusion, motion jitter, and missing data
are routine. In contrast, explicit disambiguation requires users to
take an additional step to resolve input ambiguity before �nal con-
�rmation, helping bring the uncertainty to the user's awareness and
prevent incorrect selections. Explicit approaches frequently incor-
porate (1) visualizations to highlight the initial coarse selection and
(2) an input method for re�nement and disambiguation. In terms of
re�nement modality, hand input is the most common one, including
controller input to re�ne raycursor or pointing selection [6,46,192],
pointing to compensate initial region selection [209], gestural input
to specify target from multiple options within a 3D volume [57, 58],
cluster of objects [96, 215], or a list of potential operations [28]. Ad-
ditionally, explicit techniques may utilize di�erent input modalities
from the initial input for con�rmation or disambiguation, such as
using head movement with gaze input [105, 106, 195, 196], hand
input with gaze re�nement [106, 219], gaze cursor with hand adjust-
ment [27, 143, 180, 222], or adaptively switching fall-back modal-
ities based on tasks and use cases [175]. Regarding visualization,
techniques such as color underlines and box outlines [158], circled
areas [96, 209], and cones or lassos [215] are often used when there
are several potential candidate targets.

In summary, there is vast research on disambiguation techniques.
Uncertain Pointer's exploration aims to complement disambigua-
tion over targets in AR by exploring pointer design possibilities and
their trade-o�s. Speci�cally, our investigation on Certain pointer
provides recommendations for implicit disambiguation, while our
exploration on Identity and Level design assists disambiguation
with object pointing [59] in AR and verbal clari�cation over targets
during interaction with visual assistants [200].

2.2 Feedforward Visualization
Feedforward refers to cues that indicate the possible outcomes of an
action before it is executed, helping users anticipate system behav-
ior and direct themselves to their goal [134, 194, 202]. In desktop
interfaces, feedforward is prevalent: hover e�ects highlight inter-
active elements, cursor position previews where interaction will
occur, and cursor icon changes (e.g., arrows to hand) indicate avail-
able actions. Beyond these common cues, researchers have explored
rich visual feedforward strategies. For instance, Guillon et al. [60]
introduces feedforward for target expansion, which dynamically
enlarges a target's e�ective area as the cursor approaches to en-
hance target recognition during selection. Fortunettes [36] extend
feedforward to widgets by previewing their future states (e.g., pre-
viewing a checked checkbox to see on-click UI state changes). On a
touch interface, ShadowGuides [50] use projected visual elements
such as dynamic arrows and keyframes to guide gesture before
users complete their input, thus reducing learning burden.

The most closely related work to ours involves feedforwards
that visualize multiple input possibilities for user con�rmation.
For example, OctoPocus [9] provides real-time visual previews of
stroke-based gestures, using color and opacity to distinguish be-
tween multiple candidate gestures. Later adaptations extended this
technique: Malloch et al. [121]incorporated gradient encodings to

signal gesture likelihood (including improbable paths) and Dela-
mare et al. [42] ports it to 3D input settings. Probabilistic frame-
works have been proposed to support such adaptive feedforwards
for previewing multiple system actions [122, 123, 169]. For example,
Schwarz et al. [170] introduces a probabilistic framework in which
feedforward cues adapt dynamically: alternative actions (e.g., play
vs. add to playlist) are previewed, with the likely option emphasized
to reveal the system's interpretation and guide user choice.

Together, these techniques demonstrate how feedforward can
surface input uncertainty and guide resolution during interaction.
However, they are mostly designed for 2D touchscreens and desk-
tops, where input is bounded by standardized UI elements. Uncer-
tain Pointer explores a similar idea, showing users multiple possible
selection targets before they �nalize a choice, but speci�c for real-
world targets in AR, which requires new design considerations for
situated, spatially anchored feedforward visualizations.

2.3 Uncertainty Visualization for Interactive
System

Uncertainty visualization uses visual encodings to represent in-
complete information or con�dence levels, enabling users to better
interpret and act on uncertain data [176]. Common techniques in-
clude error bars in bar charts, uncertainty ranges in line graphs,
and color variations in heatmaps. These approaches typically map
uncertainty to visual channels such as color, size, or opacity, comple-
menting depictions of the single average value or state [132, 138].

In 2D interactive systems, uncertainty visualizations have sup-
ported user understanding across diverse domains, such as visualiz-
ing con�dence in geospatial data [93], hurricane forecasts [13],
fertility predictions [168], GPS accuracy [150], and bus arrival
times [87]. In 3D or physically situated environments, researchers
have also applied similar principles to support decision-making.
For example, uncertainty has been visualized through AR head-up
displays to convey driving con�dence [102], or via in-car light bars
to communicate road guidance uncertainty [101]. Others use spatial
overlays to visualize sensor con�dence around sensing devices [91].

Uncertain Pointer draws on these works by bridging uncertainty
visualization and AR pointer design. We explore di�erent visual en-
codings, such as size and color, to communicate system con�dence
in candidate targets, supporting both transparency and user disam-
biguation. In particular, we focus on visualization techniques that
emphasize targets by adding controlled levels of visual saliency. An
alternative approach common in uncertainty visualization is to de-
emphasize less certain referents (e.g., through blurring [19, 61, 117]).
Although such techniques could be adapted to AR through methods
like diminished reality [32,130], they introduce inherent limitations:
they reduce the visibility of the initially coarse-selected targets, and
if the intended target is not recognized as the top candidate and
blurred out, it impedes e�ective disambiguation. Furthermore, they
are less generalizable to optical see-through devices. Thus, we focus
on uncertainty visualization techniques that emphasize targets.

3 Survey and Pointer Design
To explore and understand Uncertain Pointers design possibilities,
we conduct a systematic literature review to investigate annotation
strategies and visual signi�ers that could be used to add identity

3



CHI '26, April 13�17, 2026, Barcelona, Spain Tsai et. al.

for disambiguation or to represent uncertain con�dence levels in
target selection scenarios.

Our systematic literature review follows PRISMA guidelines [129].
Our goals were to (1) identify prior research relevant to visualizing
uncertainty during selection tasks, and (2) develop new possible
visualization designs for uncertain target selection, extrapolated
from these existing approaches.

3.1 Requirements and Sources
Our review includes papers that meet the following criteria:
1. The paper must involve visualizations that communicate feed-

forward or uncertainty information directly to users.
2. The paper needs to present a visualization technique for visible

targets that shows area or volume. Speci�cally, we are looking
for situated visualization [20] with a 3D referent or embedded
visualization [205] with a 2D referent.

For Criterion 1, we excluded papers that address uncertainty solely
from the perspective of robotic planning or model-internal com-
putation, without a user-facing component. For example, we did
not include techniques designed exclusively for ambiguity-aware
robotic systems (e.g., [167]) or predictive models (e.g., [156, 220]).

Under Criterion 2, we required that the visualization techniques
be applicable to target selection scenarios and capable of annotating
real-world targets. This excluded abstract data visualizations such as
density plots or quantile dotplots [47, 87], which cannot be directly
used for object-based visualization.

Across both criteria, we excluded works that communicate uncer-
tainty without using visual modalities, such as approaches relying
solely on auditory or haptic feedback [79, 104].

3.2 Survey Method
3.2.1 Phase 1: Identification. We aimed to identify high-impact
papers on visualization relevant to target selection scenarios. Given
the interactive nature of our target scenario, we focused on venues
that emphasize user interaction. We surveyed publications from the
following proceedings: the ACM Conference on Human Factors in
Computing Systems (CHI), the ACM Symposium on Virtual Reality
Software and Technology (VRST), the ACM Symposium on User
Interface Software and Technology (UIST), the ACM Conference
on Intelligent User Interfaces (ACM IUI), the ACM Conference on
Designing Interactive Systems (DIS), the ACM Conference on Au-
tomotive User Interfaces and Interactive Vehicular Applications
(AutomotiveUI), the ACM Symposium on Spatial User Interaction
(SUI), the IEEE Transactions on Visualization and Computer Graph-
ics (IEEE TVCG), the IEEE International Symposium on Mixed and
Augmented Reality (IEEE ISMAR), the IEEE Conference on Virtual
Reality and 3D User Interfaces (IEEE VR), and the IEEE Symposium
on 3D User Interfaces (IEEE 3DUI).

We focused our search on feedforward, uncertainty, and visual-
ization, along with terms for our intended user scenario (i.e., in-situ,
selection) via the advanced search �elds of the (in-situ, selection)
to appear in either the title or abstract.

title: uncertainty OR feedforward OR (in-situ AND visu-
ali*) OR (selection AND visuali*) OR

abstract: uncertainty OR feedforward OR (in-situ AND
visuali*) OR (selection AND visuali*)

We used structural boolean queries (not keyword search) via the
advanced search �eld of IEEE and ACM Digital Libraries, covering
full papers published between 1990 and 2025. The asterisk (*) was
used as a wildcard to represent any number of unknown characters.
This resulted in 721 results: 288 from TVCG, 285 from CHI, 32
from ISMAR, 30 from DIS, 27 from UIST, 24 from IEEE VR, 13 from
AutomotiveUI, 8 from SUI, and 5 from VRST. We compiled the titles
and abstracts of these 721 publications for screening in Phase 2.

3.2.2 Phase 2: Screening. We screened the titles and abstracts of
the 721 papers collected in Phase 1 based on the inclusion criteria
described above. 299 papers were selected for Phase 3, while 422
were excluded.

3.2.3 Phase 3: Eligibility. We reviewed the full-text articles for
eligibility based on the two inclusion criteria. Papers were excluded
at this stage if they did not meet either criterion upon closer full-
text review or if they were not full papers. For example, we exclude
non-archival articles, posters, workshop papers, and late-breaking
work. In total, 179 publications were excluded during this phase.

Figure 2: Flow of information through the di�erent phases
of our systematic review, following PRISMA guidelines.

3.2.4 Coding Process. We coded each of the 120 eligible papers
along two dimensions: (1) Pointer Archetype, referring to the
annotation and placement strategy used to associate the visualiza-
tion with the referent (e.g., adding a visible mark to the referent or
outlining the referent's boundary); (2) Visual Signi�er, the visual
property used to distinguish highlighted referents from each other
or from non-referents (e.g., color, size, etc.), which may or may not
explicitly convey uncertainty.

Many papers include multiple visualizations within their use
case and are therefore applicable to multiple categories. We apply
multiple labels in such cases. For the eligibility and screening phase,
two of the authors independently reviewed the entire collection.
If either author marked a paper for inclusion, it was advanced to
the next phase. For dataset coding, the same two authors inde-
pendently coded the �nal dataset and resolved any disagreements
through discussion. The initial inter-rater agreement was 93%, with
no discrepancies remaining after resolution.
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Table 1: Overview of systematic literature review, resulting in a dataset of 220 visualization techniques.

External Internal Boundary Fill %

color
[65, 74, 91, 103,
115, 121, 140,
144, 190, 216]

[16, 31, 55, 60,
76, 102, 141,
147, 158, 163,
181, 206, 216]

[3, 24, 40, 54, 55,
73, 78, 89, 92,
144, 146, 152,
172, 181, 182]

[1, 2, 6, 13, 19,
25, 26, 30, 39,
83, 90, 93, 101,
131, 139, 168,
214, 216] and

46 more*

102
(46.36%)

size
[70, 103, 115,
154, 187, 207,

216]

[1, 16, 61, 62,
91, 99, 100, 102,
109, 113, 117,
159, 161, 168,
199, 201, 211,

213]

[2, 24, 61, 63,
92, 140, 162,

173, 182, 188]
- 35

(15.91%)

opacity [60, 158, 159] [97, 102, 114] [60, 162]

[9, 48, 60�62,
64, 93, 98, 110,
113, 117, 128,
144, 146, 159,
170, 212, 221]

26
(11.82%)

text
[31, 91, 93, 137,
163, 188, 223]

[2, 71, 100, 126,
137, 147, 148,
168, 188, 201]

- - 17 (7.73%)

texture [187] [101, 102, 181]
[17, 54, 89, 181,

208]
[91, 117, 188] 12 (5.45%)

shape [65, 140] [93, 102]
[17, 63, 117,

208]
- 8 (3.64%)

position [37, 103, 214] [62, 102, 117] - - 6 (2.73%)
resolution [91] [102] [19, 61, 117] [61] 6 (2.73%)

orientation [80]
[102, 117, 178,

188]
- - 5 (2.27%)

length [91] [2] [168] - 3 (1.36%)

36 (16.36%) 58 (26.37%) 40 (18.18%) 86 (39.09%) TOT: 220

*Additional fill-color visualizations: [ 3,9,14,16,29,43,48,49,61,62,66,72,73,84,92,99,109,110,113,117,118,
128, 142, 144, 146� 148, 151, 153, 155, 157, 159, 161, 164, 173, 174, 177, 188, 189, 198, 201, 210, 213, 221, 224, 226]
others (animation or avatar): [4, 88, 125, 166, 193]

3.3 Survey Results
3.3.1 Pointer Archetype. For the pointer archetype dimension, we
discovered four primary categories that can describe most of our
dataset: external, internal, boundary, and fill. Additionally,
we include a �fth category, others for cases that do not �t into
the main four and are considered unsuitable for AR target selection
scenarios. external refers to visual annotations placed outside the
referent's area or volume, while internal refers to those placed and
anchored within it. The boundary category includes annotations
that follow or highlight the referent's outline. fill applies a color
or pattern change across the entire referent.

Among the 120 papers of our dataset, we summarized a total of
220 visualization techniques, of which 16.36% belong to external,
26.37% internal, 18.18% boundary, and 39.09% are fill. Among
the others category, some techniques use embodied virtual charac-
ters to express dialogue-based uncertainty around objects [88, 166],
while others rely on blinking or animated motion cues [4, 125, 193].
We consider these approaches overly distracting for on-the-go use,
raising potential safety concerns and limiting their suitability for
mobile or attention-sensitive AR scenarios.

3.3.2 Visual Signifier. We coded the dataset along the visual sig-
ni�ers shown in previous literature [91, 94, 102, 132, 217], which

encapsulates 11 category, including Position, Size, Length, Shape,
Orientation, Color (including saturation, hue, and luminance), Tex-
ture, Opacity, Resolution, Text or Numeric, and Angle. Among our
dataset, 102 of the used signi�ers are color, 35 are size, 26 are opac-
ity, 17 are text, 12 are texture, 8 are shape, 6 are position, another 6
are resolution, 5 are orientation, and 3 are length.

3.4 Pointer Space
Based on our systematic literature review, we generated our pointer
space based on the four pointer archetypes and the top four sig-
ni�ers in our dataset (e.g., color, text, size, opacity); also, with un-
certainty complexity, which captures the level of uncertainty infor-
mation conveyed by the visualization: (1) certain: No uncertainty
is expressed; only a single object is annotated, similar to a con-
ventional deterministic pointer. (2) identity: Visualizations that
convey only the existence of uncertainty and facilitate disambigua-
tion; it annotates multiple candidate targets without encoding the
magnitude of uncertainty between them. To support fast, easy dis-
ambiguation, Identity visualizations use visual identities (such as
distinct colors or text labels). Since applying size or opacity changes
inherently implies a ranked or leveled hierarchy, they are not in-
cluded as identi�ers in the Identity category. Also, we added a none
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Figure 3: Pointer space of Uncertain Pointer, de�ned across three dimensions: (a) Uncertainty Complexity Type, strategies for
facilitating disambiguation that convey varying amounts of uncertainty information (e.g., Certain discloses no uncertainty,
Identity shows the existence of uncertainty, Level reveals a graded level of uncertainty); (b) Visual Signi�er, visual attributes
used to represent uncertainty levels or identities (e.g., color, size, opacity, text/symbol); (c) Pointer Archetype, di�erent forms
and spatial placements of visualizations relative to the target objects (e.g., boundary, �ll, internal, external).

signi�er category with a uniform color to the identity pointer set,
not only to set a baseline but also to showcase the presence of
uncertainty. (3) level: Visualizations convey graded uncertainty
across multiple candidates using variations in visual signi�ers (e.g.,
intensity, size, or opacity), communicating the system's con�dence
in each candidate object being the intended selection target. In level
pointer, for Color changes, we utilize a combination of increasing lu-
minance and decreasing saturation [67], based on MacEachren et al.
[117]'s and Correll and Gleicher[38]'s results, as they both �nd it
e�ective when (un)certainty is encoded using these properties.

Overall, Uncertain Pointer's pointer space is a set of visible, over-
laying, abstract AR visualization with purpose of directing attention
toward uncertain candidate set for target disambiguation (follow-
ing Zollmann et al. [227]'s AR visualization categorization), with
three design dimensions: (1) uncertainty complexity type, (2) visual
signi�er, and (3) pointer archetype.

4 Online Experiment 1: Certain and Identity
Visualizations

The goal of this �rst online experiment is twofold: (1) to examine
how di�erent scenes, archetypes, and signi�ers in�uence visualiza-
tion e�ectiveness for Identity and Certain visualizations in terms
of pointer identi�ability while maintaining object visibility, and (2)
to �nd low-performing or incompatible scene�archetype combina-
tions to exclude from the follow-up study for level visualization.

4.1 Task and Procedure
In the experiment, participants viewed a series of mock-up AR
videos and completed object counting tasks and provided a collec-
tion of subjective ratings without performing target selection in
the video scene. Each video featured an Uncertain Pointer visualiza-
tion embedded within a speci�c real-world scene. After a tutorial
explaining the simulated AR scenario and a brief practice session,
participants proceeded to complete the tasks for each video trial.
To assess participant attention levels, two attention checks were
embedded intermittently throughout the study. Additionally, each
participant was o�ered a 5-minute break after every quarter of the
total number of trials to mitigate fatigue. After completing all video
trials, participants were asked to provide open-ended feedback and
share their thoughts on the visualizations via text boxes.

We excluded data from any participants who failed either at-
tention check, continuing recruitment until we reached 60 eligible
participants. 12 participants failed our attention test in this study.
This sample size was determined through our pre-registered power
analysis to ensure 90% statistical power for comparisons across
archetype, signifier, and archetype � scene.

4.2 Preparation and Apparatus
The entire study protocol was implemented in Qualtrics, includ-
ing the object-counting task and the subjective rating questions
(Figure 10 A & C). The mock-up AR videos were generated in
Unity. These videos cover four background scenes, combining two
target distances (near vs. far) and two target sparsities (sparse vs.
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dense). Each background was created using a Gaussian splat cap-
ture (Figure 4), with 3D objects manually annotated for application
of Uncertain Pointer's visualization e�ects. To simulate the sense
of 3D motion from a �rst-person perspective, we used Unity's Cin-
emachine to position the virtual camera and applied noise to the
camera's motion to mimic a natural, continuous shake in an AR
user's perspective on the move. The resulting scenes were rendered
as videos for use in the online study.

Figure 4: (A) Our mock-up AR video generation pipeline
from Gaussian splat capture to resulting videos along with
the 4 scenes used for our study with varying target distance
and sparsity: (B) sparse � far, shown with a external-
certain pointer, (C) dense � far, shown with internal-
text-identity pointers, (D) sparse � near, shown with
fill-color-identity pointers, and (E) dense � near, shown
with boundary-color-level pointers, across the tower, ten-
nis court, paintings, and books scenes, respectively.

To annotate objects across pointer archetypes and visual signi-
�ers, we followed a set of heuristics grounded in prior literature.
The default pointer color was set to green, as it has been shown
to o�er high visibility in AR environments with varying back-
grounds [52, 127] and is e�ective to convey a positive, con�rmatory
semantic meaning (or connotation) suitable for the most certain
option [117]. For text-based signi�ers, we adopted a �billboard� de-
sign [51], using deep blue text on a white background to
ensure legibility across diverse real-world textures. To minimize
visual clutter introduced by background interference, we also ap-
plied view management principles from Grasset et al. [53], avoiding
edges and textured regions when placing external textual annota-
tions. For identity pointers with the color signi�er, we use easily
verbalized colors with luminance similar to our default green to
avoid visual hierarchy. To accommodate users and participants with
deuteranomaly or protanomaly (red-green color blindness), we ap-
plied colorblind-friendly adjustments by avoiding similar red-green

channel intensities. The overall identity color set results in the use
of yellow, pink, orange, and blue.

4.3 Study Design
The study used a within-subject design and was pre-registered5 be-
fore deployment. It covered two of the uncertainty complexities
in our pointer space: certain and identity, but these were not
analyzed or compared to each other. Therefore, the independent
variables were archetype, signifier, and scene:
� 4 scenes with varying target distance and sparsity: sparse� far

(sf), dense� far (df), sparse � near (sn), and dense� near
(dn).

� 4 pointer archetypes: external, internal, boundary,

and fill.
� 3 signi�ers for identity: none, color, and text.
Additionally, for each archetype � signifier � scene triad, we
created 3 target con�gurations with varying numbers (3, 4, or 5) and
target locations to minimize participants' learning e�ects across
trials. In total, we created 4 scenes� 3 target variations� (4 Certain
Pointers + 10 Identity Pointers) = 168 video variations. For each
video trial, participants were asked to perform a counting task on
how many targets in the video scene were being annotated with a
visualization e�ect, referenced from the counting and identi�cation
task in previous visualization literature [75, 160] and a series of
subjective questions, including preference, target visibility using
1�7 continuous scales with thematic anchors. For workload-related
measures, we only used a subset of the NASA-TLX survey that was
relevant for our task, while mitigating fatigue across the repeated
trials. The dependent variables are shown as follows:
� Duration (s): From video onset to counting task submission.
� Error in Count: Absolute di�erence from the correct number of

targets.
� Con�dence: �How con�dent are you about your answers?� (1 =

Very Unsure, 7 = Very Con�dent)
� Mental Ease: �How much mental e�ort was required to perform

the tasks?� (1 = Very High, 7 = Very Low)
� Target Visibility: �To what extent do you think the visualization

blocks the user's view, making it di�cult to see the details of the
objects?� (1 = Very Much, 7 = Very Little)

� Preference: �How likely are you to choose to use this visualization
during this scenario?� (1 = Very Unlikely, 7 = Very Likely)

We adopted continuous rating scales instead of ordinal Likert scales.
This allows us to perform more �exible and rigorous analyses with
interval-level statistics (e.g., mean comparison).

Each participant was presented one of the three target variation
for each video trial, so a total of 56 unique video trials, covering
all combinations of annotation archetype� signifier � scene
for identity visualization and archetype � scene for certain
visualization. The trials were organized into four blocks, each con-
taining 14 shu�ed video trials with the same scene. The order of
the scenes across blocks was also randomized.
5The link to Experiment 1 pre-registration, revised during the review process to use
repeated measures ANOVA with sphericity tests, along with post hoc t-tests using
Holm�Bonferroni correction.
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