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Figure 1: Overview of the gaze-aware interaction workflow. Gaze input informs an interest model, which drives the system’s
decision to adapt visualization behaviour through one of four intervention techniques. These techniques support task perfor-
mance for identify and verify objects (object-centric) scatterplot analysis.

Abstract
We present a task-driven approach to designing implicit gaze-aware
interactions for scatterplot analysis. Building on Sarikaya and Gle-
icher’s taxonomy of scatterplot tasks, we focus on two foundational
object-centric tasks—Identify Object and Verify Object—to guide
the development of real-time, gaze-responsive interventions. Our
design uses a gaze-based interest model to adapt the visualiza-
tion interface without requiring explicit input from the user. We
contribute four interaction techniques: rendering order, reference
axes, hover speed, and click accuracy. These techniques respond
passively to user attention, aiming to reduce occlusion, improve
feedback responsiveness, and support more precise interactions.
A user study with 24 participants demonstrates that gaze-aware
adaptations can improve task efficiency and reduce cognitive load.
Hover Speed emerged as the most effective and preferred tech-
nique, while other interventions showed promise for refinement.
Our findings underscore the potential of real-time attention mod-
elling in visualization systems and motivate future research on
adaptive, user-aware interaction design.
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1 Introduction
Scatterplots are foundational for revealing patterns, relationships,
and outliers in multivariate data. Yet they often face interaction
challenges from overplotting and visual clutter [Veras and Collins
2019; Ward et al. 2010], which hinder tasks such as locating points
or comparing objects [Jeon et al. 2023]. Perception of cluster struc-
ture and mean position can also vary among users [Hong et al. 2021;
Jeon et al. 2023], motivating adaptive, user-centered interaction
strategies. Traditional mouse-, keyboard-, or touch-based opera-
tions (selection, filtering, zooming, panning) interrupt analytic flow
and add cognitive load, particularly in dense scenes.

Advances in eye tracking enable two broad paradigms of gaze-
based interaction (GBI): explicit interaction, where gaze acts as a
direct control input, and implicit interaction, where the system
infers attention and intent from gaze without requiring deliberate
commands [Duchowski 2018; Hornbæk and Oulasvirta 2017; Serim
and Jacucci 2019]. Most visualization research, however, has used
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gaze for explicit control (susceptible to the “Midas touch” problem)
or passive post-hoc analysis [Blascheck et al. 2014]. Recent work,
such as Active Gaze Labeling [Koch et al. 2025], explores real-time,
uncertainty-aware gaze input, yet lightweight, task-specific gaze
adaptations for analysis remain underexplored [Duchowski 2018;
Vojtechovska et al. 2025].

We investigate implicit gaze-aware techniques for scatterplots
that adapt to inferred user interest in real time. Grounded in
Sarikaya and Gleicher’s scatterplot task taxonomy [Sarikaya
and Gleicher 2017], we focus on two fundamental object-centric
tasks—Identify Object and Verify Object. Building on models of gaze-
derived data-of-interest [Jianu and Alam 2017; Wang 2021] and
design insights on perceptual ambiguity [Quadri et al. 2023; Tseng
et al. 2023], we introduce four interventions: (1) reordering ren-
dering to reduce occlusion, (2) displaying a local reference axis
for detailed inspection, (3) accelerating tooltip timing for points
of inferred interest, and (4) expanding clickable areas to reduce
misclicks. These interventions respond passively to gaze, preserv-
ing analytic continuity while supporting precise, object-focused
reasoning.

We describe the design rationale for each technique and report
results from a controlled user study (𝑛 = 24) evaluating perfor-
mance, preference, and workload. Findings show that even minimal
gaze-aware adaptations can enhance efficiency and user experience,
demonstrating the potential of implicit gaze signals as a foundation
for adaptive visualization systems that support attention without
explicit input.

2 Related Work
Scatterplots are among the most commonly used visualization tech-
niques for representing relationships between variables in mul-
tivariate datasets [Hong et al. 2021; Ward et al. 2010]. However,
as data complexity increases, scatterplots become visually dense,
introducing challenges such as overplotting, ambiguity, and occlu-
sion [Jeon et al. 2023; Veras and Collins 2019]. These issues make it
harder for users to locate specific data points or perceive cluster
boundaries, motivating the need for interaction techniques that
mitigate visual overload and support exploratory tasks.

Recent studies have further shown that user perception of scat-
terplot structures is subject to significant variability and cognitive
biases [Hong et al. 2021; Jeon et al. 2023]. These findings underscore
the importance of adaptive, user-centered approaches to interaction
design, particularly in dense visualizations.

2.1 Visual Attention and Gaze Behaviour
Human visual attention is inherently selective and limited [Healey
and Enns 2012], influenced by both bottom-up saliency and top-
down goals. Before conscious focus occurs, pre-attentive features
such as colour, size, or motion steer gaze deployment [Healey and
Enns 2012; Ward et al. 2010]. The guided search theory [Wolfe 1994,
2021; Wolfe et al. 1989] formalizes this interplay via a priority map
that integrates bottom-up and top-down activation to model where
attention is likely to land.

Eye-tracking captures the dynamics of visual attention, offering
a window into user intent during data exploration. Three main eye
movement types are relevant in gaze-based systems [Ward et al.

2010; Ware 2019]: fixations (stable gaze on a location), saccades
(rapid shifts between fixations), and smooth pursuits (tracking mov-
ing objects). These signals allow modelling not only where users
look but also how they interact with visual content.

2.2 Modelling Interest from Gaze Data
To interpret eye-tracking data in the context of visualization, re-
searchers have introduced models of user interest beyond simple
gaze position. Jianu and Alam [Jianu and Alam 2017] proposed the
Data-of-Interest (DOI) model, which links gaze to data semantics
rather than screen regions (i.e., AOIs). Building on this,Wang [Wang
2021] introduced the Group-of-Interest (GOI) model, which esti-
mates user attention by clustering gaze fixations based on visual
similarity (e.g., colour) and scoring groups based on dwell time and
fixation frequency.

Recent approaches, such as Active Gaze Labeling [Koch et al.
2025], have explored real-time, uncertainty-aware gaze interpre-
tations to support more transparent interactions. However, task-
specific, lightweight gaze-driven adaptations for visualization work-
flows remain an underexplored area.

Building on these models, we design real-time, interest-driven
interventions for scatterplot analysis tasks.

2.3 Interaction in Visualization Systems
Interaction in data visualization is broadly defined as the interplay
between user actions and system responses aimed at facilitating
data-driven goals [Dimara and Perin 2019]. These actions can be
explicit — such as clicking, filtering, or zooming — or implicit, trig-
gered by observed user behaviour without direct intent [Hornbæk
and Oulasvirta 2017].

While traditional visualization systems rely on explicit interac-
tion, gaze input enables novel opportunities for implicit interac-
tion [Chandra et al. 2015; Chowdhury et al. 2024]. As defined by
Serim and Jacucci [Serim and Jacucci 2019], implicit interaction
occurs when system responses are appropriate but not deliberately
invoked. In this paradigm, systems continuously monitor user be-
haviour and adapt in response to inferred needs, reducing cognitive
effort and interaction cost.

In the context of our work, we leverage gaze-based implicit inter-
action for scatterplot analysis, adapting visualization behaviours in
real time based on inferred user interest. Our design targets light-
weight, real-time interventions informed by task-specific goals,
cognitive models of attention, and recent findings on perceptual
variability and scatterplot optimization [Quadri et al. 2023; Tseng
et al. 2023].

3 Gaze-Based Interest Model
We adapt the Group-of-Interest (GOI) framework proposed by
Wang [Wang 2021] as a real-time interest model that drives our
gaze-aware interaction techniques. The GOI model extends earlier
gaze frameworks such as Areas- and Data-of-Interest by grouping
fixated objects based on spatial proximity and visual similarity,
providing a continuous estimate of where attention is concentrated
in the scatterplot. In our system, GOIs act as an intermediate layer
linking gaze behaviour to real-time visualization feedback.
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Figure 2: Example of reference axis activation—showing
the smaller axis closer to the user’s interested region and
highlighting the dots of interest colour in that gaze region.

Gaze coordinates (x, y) are tracked and converted to angular
velocity. Fixations (velocity < 30°/s) are identified using the stan-
dard I-VT algorithm [Holmqvist et al. 2011; Salvucci and Goldberg
2000]; only fixations contribute to interest scoring. During these
periods, a Bubble Cursor-inspired selection [Grossman and Balakr-
ishnan 2005] includes points within an angular region of about 5°,
corresponding to the foveal-parafoveal field [Holmqvist et al. 2011;
Rayner 1998]. This range was pilot-tuned for stability against gaze
jitter.

Interest scores are integrated over a sliding window of approx-
imately ten gaze samples. The model re-evaluates GOI only af-
ter three new samples enter the window, balancing responsive-
ness with stability [Wang 2021]. A new GOI is inferred only when
its cumulative score exceeds others by 50%, a heuristic that pre-
vents flicker from transient fixations [Duchowski 2007; Jacob and
Karn 2003]. These parameters follow Wang’s implementation and
align with common fixation and gaze-contingent display thresh-
olds [Duchowski 2007; Holmqvist et al. 2011]. The inferred GOI
provides a shared signal for the four gaze-aware techniques de-
scribed in Section 4, functioning purely as a real-time adaptation
mechanism rather than a post-hoc analysis model [Alam and Jianu
2017].

4 Tasks and Intervention Techniques for
Scatterplots

We designed four implicit gaze-aware interaction techniques to
support object-centered analytical tasks in scatterplot exploration.
Our design rationale follows two principles commonly discussed
in gaze-based interaction research: (1) using gaze as an implicit
signal of user interest, and (2) augmenting visual representations
without requiring explicit gaze control. Rather than replacing tra-
ditional input modalities, the proposed techniques adapt visual
feedback based on inferred gaze attention to reduce perceptual and
interaction costs during analysis. Specifically, the techniques tar-
get different aspects of the interaction pipeline, each addressing a
distinct bottleneck in object-centric scatterplot tasks: visual prioriti-
zation to mitigate occlusion during point identification (Rendering
Order), spatial reference to support value estimation in dense re-
gions (Reference Axes), feedback timing to reduce tooltip latency
for points of interest (Hover Speed), and interaction precision to
reduce misclicks in crowded areas (Click Accuracy). Together, these
interventions explore how implicit gaze awareness can assist users
during identification and verification tasks in scatterplot analysis.

We situate the design of our techniques within prior work on
gaze-based interest modelling and visualization task taxonomies.
We apply this interest model to investigate how gaze-based implicit
interactions can support analytical tasks in scatterplot visualiza-
tions. While Wang demonstrated the technical feasibility of mod-
elling user interest from gaze data, his work did not connect these
adaptations to specific visualization tasks or empirically assess their
impact on user performance and perceived workload.

To ground the design of our techniques, we draw on Sarikaya
and Gleicher’s task taxonomy [Sarikaya and Gleicher 2017], which
identifies twelve abstract analysis tasks commonly performed with
scatterplots. We focus on two object-centric tasks — Identify Object
and Verify Object — which are foundational, frequent, and well-
aligned with gaze-based interest estimation, as both tasks require
locating and confirming individual points under conditions of visual
crowding and occlusion.

Based on these tasks and the design principles outlined above,
we designed four implicit interaction techniques that adapt scat-
terplot elements in real time in response to inferred user interest.
These techniques are not intended as mutually exclusive alterna-
tives, but rather as complementary gaze-aware adaptations that
can be applied independently or in combination. A baseline hover
information tooltip was also included to support comparison.

While gaze-driven adaptation may alter peripheral context, our
design constrains updates to fixation periods and introduces hys-
teresis to preserve visual stability.

Rendering Order. Points are dynamically reordered based on the
user’s inferred interest model. It is designed to prioritize visually
attended elements and mitigate occlusion during object identifica-
tion tasks. During saccadic movements — when updates are less
perceptible [Simons and Rensink 2005] — points associated with
higher inferred interest are re-rendered on top of others, making
them more visually prominent without altering their underlying
attributes.

Reference Axis. A contextual axis overlay is introduced in re-
gions of visual attention. It is designed to assist spatial comparison
and value estimation during verification tasks. When a user main-
tains a stable gaze within a region of the scatterplot, a local axis
overlay appears, showing nearby axis labels (Figure 2). The overlay
persists during fixations and smooth pursuits—slow, continuous
gaze movements that occur when a user tracks along a region of
interest—but disappears on saccades to avoid interference with
broader navigation. Here, fixation is defined as a stable gaze main-
tained within a small region for a minimum duration, based on
standard eye-tracking thresholds.

Hover Speed. Tooltip activation delays are adjusted for points
that receive sustained visual attention. It is designed to provide
faster access to contextual information for points receiving sus-
tained visual attention. As shown in Table 1, tooltip delays vary
depending on whether a point is associated with the inferred in-
terest colour. Once activated, reduced delay times persist until a
saccadic reset occurs. Although tooltips are triggered via cursor
hover, gaze-informed delay modulation allows the system to antici-
pate points of interest prior to explicit interaction.
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Table 1: Tooltip activation delays by interest and activation
state.

Delay Time Interest Colour Non-interest Colour

1.3 sec (Slow) – Before activation
0.6 sec (Medium) Before activation After activation
0.0 sec (Fast) After activation –

Click Accuracy. Interactive regions are adjusted using a weighted
Voronoi diagram informed by gaze-derived interest. It is designed
to make interaction with visually attended targets more tolerant to
input imprecision. Points associated with higher inferred interest
are assigned larger interaction regions, modifying the effective
clickable area without changing the visual representation. Figure 3
shows the underlying Voronoi structure; users do not see these
boundaries, but interact with the adapted regions. As this adaptation
operates implicitly, users may not be explicitly aware of changes in
interaction regions.

Hover Information. A standard tooltip appears on mouse hover,
displaying each point’s ID and coordinates. This static condition
serves as a non-gaze-adaptive baseline for comparison with the
Hover Speed technique.

5 Preliminary Evaluation
To evaluate the task-level effectiveness of our gaze-aware interac-
tion techniques, we conducted a controlled user study comparing
four individual techniques, a baseline (None), and a combined
condition (All). Our goal was to assess whether these implicit in-
teractions could improve task performance and user experience in
dense scatterplot analysis.

5.1 Study Design
Participants completed two visual analysis tasks — Identify Object
and Verify Object — under six conditions: each individual technique
(Rendering Order, Reference Axis, Hover Speed, Click Accu-
racy), no technique (None), and all techniques together (All). Each
condition included 10 trials (5 per task), resulting in a total of 60
trials per participant.

Performance was measured by completion time and accuracy
(number of incorrect attempts). Participants also completed a NASA-
TLX workload assessment after each task and a post-study ques-
tionnaire regarding technique preferences.

5.2 Tasks
Identify Object. Participants were given the (X, Y) coordinates

and colour of a target point and asked to locate it on a dense scat-
terplot. They clicked to submit a response and were required to
retry until correct.

Verify Object. Participants were given a colour, ID, and coordi-
nate range, then asked to find the target and report its exact (X, Y)
coordinates via text input. Incorrect entries required reattempts.

5.3 Conditions and Hypotheses
We hypothesized that each intervention would improve perfor-
mance relative to the baseline (None), see Table 2. Conditions were

Table 2: Improvement hypotheses per condition.

Condition Hypothesis
Rendering Order Reduced occlusion improves accuracy and completion time.
Reference Axis Local axis aids numeric reasoning, improving both metrics.
Hover Speed Faster tooltip display reduces search time.
Click Accuracy Enlarged hit areas improve selection accuracy.

All Allows participants to choose to use their preferred techniques
after experiencing them.

presented in a semi-counterbalanced order. The All condition was
always last, and its results may therefore partly reflect learning or
familiarity effects rather than purely combined-technique benefits.
This condition’s primary purpose was to explore which techniques
participants preferred when given a choice. The baseline condition
was evenly distributed across positions to reduce bias, and the re-
maining conditions varied in order due to their distinctiveness and
the impracticality of full counterbalancing.

5.4 Dataset and Materials
We generated 15 scatterplot datasets with Scikit-Learn, each con-
taining 600 points across three colour classes. Visual variation and
complexity were controlled by adjusting cluster standard deviation
and class overlap parameters. Datasets were assigned randomly
per condition and task to minimize repetition. The study system
was built using HTML/CSS/JavaScript (D3.js) and integrated with a
Tobii Eye Tracker 5. Data collection included gaze logs, interaction
events, and all trial-level performance metrics.

5.5 Participants and Procedure
We recruited 24 participants at our institution, who completed the
90-minute in-person session. All had normal or corrected vision and
no colorblindness. Prior experience was assessed via a pre-study
questionnaire. Most participants were familiar with scatterplots:
45.8% viewed and created charts monthly, while 41.7% viewed and
25% created charts more frequently. Regarding eye tracking, 87.5%
had never used an eye tracker or were unfamiliar with it, and 12.5%
had prior experience with eye tracking in gaming or research con-
texts. No participant had previously used eye tracking as a chart
interaction tool. After consent and eye tracker calibration, partic-
ipants completed the pre-study questionnaire, the six condition
blocks (with a NASA-TLX raw workload assessment using a 21-
point scale per dimension [Hart and Staveland 1988] administered
after each block), and a post-study questionnaire. Participants were
compensated $30.

The post-study questionnaire consisted of six sections: two sec-
tions covering general study experience and technique preferences,
and one section per intervention technique. Questions included
Likert-scale ratings, quantitative items, and open-ended responses
about perceived helpfulness and distraction.1

Data were analyzed for performance (completion time and incor-
rect attempts), workload (NASA-TLX), and technique preference.
To assess normality, we applied the Shapiro-Wilk and D’Agostino-
Pearson tests. As the data were not normally distributed, we used
the Kruskal-Wallis test to assess overall condition effects, followed

1Full questionnaire items are provided in the supplemental materials.
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Interest colour: Blue Smooth-pursuit Saccade Interest colour: Green
Rendering order and click region updated

based on the interest colour

Figure 3: Voronoi diagram used to expand or contract clickable regions during Click Accuracy. The first panel presents the
plot and clickable regions with blue as the interest colour. The second panel represents a smooth pursuit, where the user’s gaze
gradually shifts across the plot, updating the inferred interest colour to green. However, the rendering order and weighted
Voronoi update only after a saccadic movement is detected (third panel). The last panel shows the updated plot with green dots
rendered to the top and recalculated clickable regions.

by pairwise Mann-Whitney U tests with Bonferroni correction for
multiple comparisons.

5.6 Results and Insights
The study results suggest that gaze-aware implicit interactions
can improve task performance and user experience in scatterplot
analysis—particularly for more complex analytic tasks.

Hover Speed Was the Most Effective Technique. Hover Speed was
both the top-performing and most preferred technique. In the All
condition, it reduced tooltip wait time by 61%—saving over one
minute of cumulative delay compared to the fixed-delay baseline.
It was also the second-fastest condition for the Verify Object task,
averaging 6.4 minutes—just behind All (4.9 minutes—Fig. 4). Partic-
ipants consistently rated Hover Speed as the most useful technique:
100% reported that it helped them complete tasks, 83.3% found it
non-distracting, and 66.7% selected it as their favourite for Identify
Object. Observation logs showed that participants often hovered
repeatedly over dense regions before clicking, highlighting the need
for improved click precision and tooltip timing. Participants also
noted that the Reference Axis helped them confirm nearby values
without looking away from the region of interest, reinforcing the
utility of implicit contextual cues (e.g., “closer axis view. . . helped [to]
double-check their position” [P06]). Participants described Hover
Speed as helpful and largely non-distracting; one noted it “helped
to identify the point. . . and the time differences made it faster” [P18].

Gaze-Driven Adaptations Support Complex Tasks. While both
tasks—Identify Object and Verify Object—benefited from interven-
tion techniques, improvements were more pronounced for the more
complex Verify Object task. In the All condition, participants com-
pleted this task significantly faster (𝑝 < 0.05, Bonferroni-corrected)
and reported lower perceived workload than in other conditions.
The NASA-TLX score for All during this task was 9.1, compared
to 12.8 for Rendering Order, 12.2 for Reference Axis, and 11.3
for Click Accuracy—highlighting the effectiveness of combin-
ing techniques in reducing cognitive load. These findings suggest
that implicit gaze interaction is particularly valuable for cognitively

demanding analysis. Pairwise comparisons between individual tech-
niques revealed no statistically significant differences across condi-
tions (𝑝 > .05, Bonferroni-corrected), suggesting that while each
technique provides task-specific benefits, none consistently outper-
formed the others in isolation. Detailed NASA-TLX results for all
dimensions and conditions are provided in App. A.

Technique Impact Varies by Interaction Type. Rendering Order
and Reference Axis showed mixed results. Some participants re-
marked that visual updates could feel sudden during rapid scan-
ning—“a different colour pops up while focusing on a specific area”
[P11]—and that the reference axis could “pop up” unexpectedly
[P09], suggesting the need for smoother transition effects or a brief
hold option. Although both were frequently activated during the
All condition, feedback highlighted challenges with user aware-
ness and control. Participants noted that rendering changes were
most noticeable during rapid scanning, occasionally drawing unin-
tended attention to newly foregrounded points, while the reference
axis was particularly helpful for verifying outliers or points near
axis boundaries where precise comparison was otherwise difficult.
Participants sometimes overlooked these passive adaptations or
found them distracting when triggered unintentionally. A hybrid
activation model (e.g., gaze + manual trigger) may improve usability.
While colour served as a convenient encoding for gaze-derived inter-
est, we acknowledge it can amplify perceptual grouping bias [Hong
et al. 2021] and plan to explore alternative encodings.

Click Accuracy Was Underutilized. Click Accuracy had limited
impact in this study (e.g., “I feel like I clicked the points mostly
accurately each time, but this would be good for those who do not
always click exactly where they want” [P15]). Participants rarely
activated it during tasks and often expressed uncertainty about
its purpose. A few mentioned that they clicked more confidently
once they realized the system subtly expanded target regions in re-
sponse to gaze, suggesting a potential learning effect with repeated
exposure. It may prove more effective in high-pressure scenarios
with tighter time constraints or smaller target regions. Future work
could further explore its utility in those contexts.
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Interest Model AccuracyWas Promising. Across all conditions, the
gaze-based interest model predicted the correct target colour in 50%
of trials—substantially above chance (33%). While not perfect, this
level of accuracy was sufficient to enable meaningful adaptations
in most cases, supporting its feasibility for real-time interaction.

Participants Would Use These Techniques. Across conditions, par-
ticipants gradually adapted their gaze–cursor coordination, slowing
cursor movement near regions where gaze feedback was active. In
post-study feedback, over 90% indicated they would use gaze-aware
techniques in future analysis workflows, with Hover Speed emerg-
ing as the top choice for both tasks.

Study Limitations. As a preliminary evaluation, this study has
several limitations that should be considered when interpreting
the results. The completion time data show high standard devia-
tions across conditions (e.g., 6.23 min for Hover Speed and 9.28
min for Rendering Order in the Verify Object task), reflecting
substantial individual variability in task strategy, gaze behaviour,
and familiarity with scatterplot analysis. This variability is con-
sistent with individual differences in gaze behaviour commonly
observed in gaze-based interaction studies [Duchowski 2018; Vo-
jtechovska et al. 2025]. As a result, the observed effects should be
interpreted as indicative trends rather than uniform improvements
across all participants. The semi-counterbalanced condition order
may also have introduced learning effects, particularly for the All
condition, which was always presented last. Additionally, the study
was conducted with a general university population on a single
visualization type, limiting generalizability to expert users or other
chart types. The interest model’s 50% accuracy, while above chance,
means adaptations were not always aligned with the user’s actual
target, which may have contributed to inconsistent technique per-
formance across participants. Future work should explore designs
that are more robust to gaze noise and individual differences.

Implications for Visualization Systems. Our findings suggest that
even lightweight implicit gaze-driven adaptations can improve an-
alytic workflows, particularly in dense or cognitively demanding
scenarios. As visualizations become more interactive and complex,
incorporating real-time attention modelling opens new opportu-
nities for designing systems that respond to user intent without
requiring explicit input—reducing friction and enhancing engage-
ment. These results support the potential of implicit gaze signals
as a low-friction mechanism for adaptive interaction [Duchowski
2018; Vojtechovska et al. 2025]. This aligns with prior gaze-based
interaction research showing that implicit gaze input can reduce
interaction costs, mitigate issues such as the “Midas touch” prob-
lem, and better preserve users’ analytic flow compared to explicit
gaze control paradigms. More broadly, our findings suggest that
effective implicit gaze-aware interaction design can be understood
as aligning lightweight, task-specific adaptations with inferred user
attention, rather than treating gaze as a direct control modality.
This perspective provides a foundation for designing future gaze-
aware systems that support analysis through subtle, context-aware
intervention. This suggests a shift in gaze-based interaction design
from treating gaze as an input modality toward leveraging it as a
continuous signal for adaptive system behaviour.

Figure 4: Mean (±SD) completion time and incorrect attempts
per condition and task. Brackets indicate significant pairwise
differences (* p < .05, ** p < .001, Bonferroni-corrected). No
significant differences were found between individual tech-
niques.

6 Conclusion and Future Work
This paper introduces a task-driven approach to designing im-
plicit gaze-aware interaction techniques for scatterplot analysis.
Grounded in Sarikaya and Gleicher’s taxonomy [Sarikaya and
Gleicher 2017], we focused on two foundational object-centric
tasks—Identify Object and Verify Object—and developed four gaze-
responsive interaction techniques based on real-time interest mod-
elling.

A user study with 24 participants demonstrated that gaze-aware
adaptations can improve analytic efficiency and reduce perceived
workload. Among the techniques, Hover Speed—which dynam-
ically adjusts tooltip timing—was consistently preferred by par-
ticipants and yielded measurable improvements in task time and
satisfaction. Rendering Order and Reference Axis showed po-
tential for supporting more complex analyses but raised design
questions around implicit activation and user control. Click Accu-
racy, while less impactful in this context, may benefit from further
refinement or evaluation under different task demands.

These findings suggest that implicit gaze interaction offers a
promising path toward more adaptive, context-aware visual anal-
ysis systems, consistent with the growing body of work on gaze-
contingent and attention-aware interfaces [Duchowski 2018; Vojte-
chovska et al. 2025]. In particular, our results reinforce established
GBI principles that leveraging gaze implicitly—rather than as a di-
rect control signal—can support more seamless and less disruptive
interaction. Our contributions include: (1) a theoretically grounded
framework for designing gaze-driven interactions tied to analytic
task types, (2) the implementation of four novel interaction tech-
niques tailored for scatterplots, and (3) a preliminary empirical
validation of their impact on user performance and experience.

Although our evaluation focused on behavioural outcomes, the
underlying gaze events—fixation stability, saccade frequency, and
pursuit behaviour—likelymediate these effects by reflecting shifts in
visual attention. Future work will relate these gaze features directly
to performance metrics. Our study was limited to scatterplots and
a general user population; the efficacy of gaze-driven techniques
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across other visualization types and tasks remains to be explored.
Additionally, interaction quality is constrained by the accuracy and
responsiveness of the eye-tracking hardware.

We see several directions for future research. Expanding these
techniques to additional visual encodings and analytic task types—
especially within group- and relation-centric categories—would
generalize our approach. Hybrid interaction models that blend gaze
signals with explicit controls may improve usability and mitigate
distraction. Finally, more adaptive systems could learn user pref-
erences over time, dynamically adjusting interaction strategies to
better support individual analytic workflows.

Together, this work lays a foundation for integrating real-time
attention modelling into visualization systems, enabling subtle,
user-aware interactions that support efficient and personalized
data analysis.
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(b) Reference Axis
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(d) Hover Speed
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(f) All Intervention Techniques
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Figure 5: NASA-TLX workload ratings across six intervention conditions for both tasks. Bars show mean scores (1–21 scale) for
Mental, Physical, and Temporal Demand, Performance, Effort, and Frustration. Error bars represent standard deviation across
24 participants. The Hover Speed technique consistently yielded lower perceived workload relative to other conditions.
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