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Manual-Free Gaze Interaction via Bayesian-Based
Implicit Intention Prediction

Taewoo Jo”, Ho Jung Lee

Abstract—Eye gaze is regarded as a promising interaction
modality in extended reality (XR) environments. However, to ad-
dress the challenges posed by the Midas touch problem, the deter-
mination of selection intention frequently relies on the implemen-
tation of additional manual selection techniques, such as explicit
gestures (e.g., controller/hand inputs or dwell), which are inher-
ently limited in their functionality. We hereby present a machine
learning (ML) model based on the Bayesian framework, which is
employed to predict user selection intention in real-time, with the
unique distinction that all data used for training and prediction
are obtained from gaze data alone. The model utilizes a Bayesian
approach to transform gaze data into selection probabilities, which
are subsequently fed into an ML model to discern selection inten-
tions. In Study 1, a high-performance model was constructed, en-
abling real-time inference using solely gaze data. This approach was
found to enhance performance, thereby validating the efficacy of
the proposed methodology. In Study 2, a user study was conducted
to validate a manual-free technique based on the prediction model.
The advantages of eliminating explicit gestures and potential ap-
plications were also discussed.

Index Terms—Extended reality (XR), eye tracking, interaction
technique, intent prediction, implicit gaze.

1. INTRODUCTION

NTERACTING with a target constitutes a fundamental task
I in the field of human-computer interaction (HCI), as it en-
ables users to perform a variety of tasks, including text input,
object manipulation, and locomotion. Given the substantial im-
pact of rapid, precise, and ergonomic pointing and selection
techniques on enhancing the interaction experience, the de-
velopment of novel interaction techniques remains a vibrant
research domain within the field of HCI. Hand-held controllers
and hand-tracking-based ray casting techniques are frequently
employed for pointing tasks. However, the prolonged use of
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these methods often results in physical fatigue, known as the
“gorilla-arm effect” [1], [2]. Furthermore, the efficacy of these
approaches is diminished when the hands are occupied with
other physical objects, thereby limiting their effectiveness for
pointing. The advent of head-mounted displays (HMDs) capable
of eye-tracking has led to a surge of interest in gaze-based
pointing. Gaze serves as a pointing modality, offering several
advantages over freehand pointing. First, it requires minimal
physical effort [3]. Second, it facilitates rapid pointing by al-
lowing for simultaneous observation and pointing [3], [4], [5],
[6], [7]. However, the implementation of gaze as a standalone
input modality poses significant challenges. A significant con-
cern pertains to the “Midas touch problem”, which arises from
the challenge of discerning the user’s selection intention solely
through eye movement. This limitation impedes the efficacy of
gaze-based unimodal interactions [8].

Several methods have been proposed to address this issue.
These methods allow users to manually express their selec-
tion intent through explicit gestures. These methods include
multimodal techniques (e.g., controller [9], hand [10], [11],
[12], [13]), dwelling [4], [7], [14], [15], [16], eye blink [17],
eyelid movement [18], and smooth pursuit [19], [20]. These
methodologies have been shown to accurately acquire three-
dimensional targets and efficiently prevent unwanted selection.
This capacity significantly mitigates the occurrence of the “Mi-
das touch”. However, manual techniques that require explicit
gestures have notable limitations. Controller- and hand-gesture-
based techniques are impractical when the hands are occupied.
They can also be less accessible for users with upper-body
impairments or older adults [21], [22]. Dwell-based selection
introduces a delay in expressing intention, slowing work and
disrupting flow [23]. In summary, the necessity of an explicit
gesture creates modality-specific disadvantages. Furthermore, a
variety of methodologies have been developed to predict users’
selection intentions [12], [14], [15], [24], [25]. These method-
ologies have been used to automate selection processes [26].
This approach has the potential to facilitate rapid and intuitive in-
teraction by eliminating the need for manual selection. However,
many previous methods have not demonstrated real-time imple-
mentation and usually only acknowledge the potential to extend
their approach to manual-free interaction techniques [24], [25].
Despite studies devising manual-free interaction techniques,
quantitative comparisons with established manual techniques
remain under-explored [26]. This paucity of research hinders a
comprehensive understanding of the merits of truly manual-free
interaction.
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We hereby propose a model for predicting selection intentions and a technique for manual-free interaction, both of which use only eye-gaze data. Initially,

the user’s eye gaze movement features were collected while observing and acquiring a three-dimensional target. Subsequently, we identified features that exhibited
a substantial discrepancy based on the intention class. Subsequently, a Bayesian strategy was employed to convert the observation data into a log-likelihood vector.
The vector is subsequently fed into the machine learning model, which infers the user’s intention to select the target. The interaction technique utilizes this inference
to automatically select the target, thereby eliminating the need for manual selection.

In this paper, we propose an ML model that uses Bayesian
statistics to predict user selection intentions. The model
calculates selection probabilities using the Bayesian approach,
offering a sophisticated statistical framework for understanding
user behavior. The method uses the Bayesian approach to trans-
form gaze-related features into likelihood vectors, providing a
rational basis for predicting selection intentions (see Fig. 1,
Probabilistic Featurization). Consequently, the model’s ability
to predict user selection intentions improves. Additionally, the
model enables real-time inference and gaze-based, manual-free
interaction. A gaze-based, manual-free interaction technique
was designed, and a user study was conducted to quantitatively
compare it with traditional manual techniques. This highlights
its strengths. The manual-free technique exhibited faster se-
lection speeds than dwell and comparable selection speeds to
controller- and hand-gesture-based methods. Furthermore, the
study revealed that the proposed technique had lower workload
and physical demand scores than conventional manual methods.

In summary, this study’s contributions are as follows:

e  Method for predicting selection intention in real-time using
only gaze data: We propose a probabilistic feature extrac-
tion method that enables high-accuracy prediction of se-
lection intention. We also constructed a high-performance,
lightweight ML model.

o [nsights on a gaze-based manual-free technique: Building
on our high-performance intention prediction model, we
designed a manual-free technique that eliminates the need
for explicit gestures. Through a user study, we quantita-
tively compared this technique with established manual
techniques, analyzed its strengths, and discussed potential
applications.

II. RELATED WORKS
A. Pointing Technique

Natural and efficient pointing and selection techniques are es-
sential for providing optimal XR user experiences. The pointing
task, which precedes selection, requires a technique that enables

precise and fast targeting with minimal physical exertion [5],
[27]. The HCI community has developed methods to evaluate
pointing performance based on Fitts’ law [28], [29] and has
proposed various pointing techniques applicable in 2D screens
and 3D environments [5], [12], [27], [29]. The controller-based
pointing method is one of the most widely used techniques in XR
environments. Additionally, hand-tracking pointing techniques
have been proposed [1], [30], [31]. However, these pointing
methods require significant physical effort during prolonged
use [1], [5], a phenomenon referred to as the “gorilla arm”
effect [2]. Recently, gaze-based pointing techniques have gained
attention for their ability to facilitate fast and natural pointing
movements with minimal physical effort [3], [5], [32], [33].

B. Manual Selection Technique With Gaze-Based Pointing

Although gaze offers superior pointing performance, unlike
controllers or hands, it has not been widely adopted as a selection
technique. This is largely due to the “Midas touch problem,”
where unintended selections occur when gaze is used as a
selection [8].

To prevent this, researchers have proposed interaction tech-
niques that rely on manual confirmation via explicit gestures.
One approach is multimodal gaze interaction, which expresses
selection intention using other modalities, such as hand-held
controllers [9], and hand gestures [10], [12], [13], [34]. The
most common technique is Gaze + Pinch, enabled by on-device
hand-gesture tracking. It has been adopted as the default inter-
action technique on recent commercial XR HMDs (e.g., Apple
Vision Pro). Another approach uses explicit eye movement ges-
tures alone, such as dwell [14], [15], [23], [35], eye-blink [36],
[37], and smooth pursuit [38]. These approaches have been
found to effectively address the Midas Touch issue by requiring
an explicit act to confirm selection. However, each modality
has been observed to have distinct advantages and drawbacks.
A comparative study by Mutasim et al. [23] reported that
controller- and pinch-based multimodal methods result in faster
and more natural selections. Conversely, dwell typically involves
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a trade-off between speed and accuracy compared to controller-
and pinch-based methods. Nevertheless, the necessity of an
explicit gesture introduces modality-specific limitations. Multi-
modal techniques may experience timing discrepancies between
gaze and confirming actions [39] and are limited by physical
and ergonomic constraints (e.g., occupied hands being or user
impairments). Furthermore, dwell time requires users to wait,
which disrupts continuous work. With prolonged use, dwell time
can contribute to eye fatigue [23]. These limitations underscore
the need for approaches that simplify or eliminate explicit ges-
tures.

C. Predicting User Intention With Gaze Dynamics

Recent work has investigated the prediction of implicit user
intentions for interaction in XR [40]. These approaches infer
intention from physiological and behavioral signals, including
eye-gaze dynamics and fixation patterns [14], [15], [24], pupil
responses [14], and brain signals such as EEG [25], [26], [41].
By leveraging these implicit signals, researchers have proposed
methods that simplify or even eliminate the need for explicit
gestures and correct erroneous inputs by aligning selections with
the inferred intention. David-John et al. [24] have confirmed
through their research that various gaze-related characteristics
derived from the analysis of gaze data can predict selection
intentions within XR environments. Furthermore, Narkar et
al. [15] have demonstrated that using time-series gaze data and
features as inputs in a long short-term (LSTM) memory model
enables the real-time prediction of user selection intentions with
high accuracy. They have also proposed a dwell-based technique
that adjusts the dwell threshold adaptively based on predicted
intentions, thereby simplifying the explicit gesture.

However, most prior systems either do not demonstrate real-
time operation [24], [25], limiting their viability as practical
interaction techniques, or retain a reliance on an explicit con-
firming gesture [14], [15]. While some studies have investi-
gated fully manual-free interaction, quantitative comparisons
with established manual techniques are rarely reported. Thus,
the advantages of manual-free interaction remain insufficiently
studied.

III. METHOD
A. Feature Selection

Previous studies have employed a strategy of selecting eye-
gaze features and then feeding them into models to determine
selection intention or attentional state. Hwang et al. [42] defined
zone-in/out states, preprocessed gaze indices, and performed
t-tests (and alternative tests when necessary) to use only statisti-
cally significant features in the classifier. David-John et al. [24]
and Narkar et al. [15] also constructed event-based features
(e.g., fixation and saccade) and continuous dynamic features
(e.g., velocity and acceleration). Then, they selected a subset of
features whose significance was verified to reduce complexity
and overfitting. Our study follows this same principle, selecting
features based on the independent-samples t-test as the key
criterion, similar to Hwang et al. [42].
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This study aims to identify the most effective observations
for explaining selection intention, which is defined by two
classes: click versus non-click. To this end, we first constructed
a pool of candidate features from gaze signals. This set consists
of event-based features based on fixation/saccade detection,
including fixation duration, saccade amplitude/peak velocity,
dispersion, and the K coefficient, which captures ambient-focal
characteristics of gaze strategies [43]. These event-based fea-
tures are defined based on the results of the I-VDT (Velocity
and Dispersion Threshold Identification) algorithm. We used
the event window employed by Bednarik et al. [44].

Class labeling was based on whether or not selection confir-
mation occurred. More specifically, when the system confirmed
a selection while in the fixation state, the features belonging to
that fixation interval were labeled as a click (class = 1). If the
fixation ended without a selection, however, the features were
labeled as a non-click (class = 0). Before the analysis, outliers
were identified and removed using the interquartile range (IQR)
for each combination of condition (target configuration and task
type, which will be described later), feature, and class. The
normality assumptions were then diagnosed for each condition.

Feature selection proceeded by performing independent-
samples t-tests with class (1/0) as the factor for each condition
and feature. We set the significance level to p < 0.05, and selected
features that were statistically significant. Only the selected
features were used as observations and subsequently fed to the
intention classifier.

B. Bayes Score and SVM Inference Pipeline

This subsection describes a pipeline that begins with Bayes’
rule to infer the user’s intention, Y € {0, 1}, which is a binary
variable, from the posterior probability conditioned on the ob-
servation x = (&1, ..., 2ps). The pipeline then normalizes the
score to Bayes’ factor and log-likelihoods (LLs) in accordance
with the binary label structure. Next, it approximates joint in-
teractions with linear/kernel decision functions, and learns the
coefficients with a support vector machine (SVM).

Our goal is to probabilistically infer the user’s selection
intention, Y (e.g., 1 for select and O for non-select), from the
observation, x = (x1, ...,z ). According to Bayes’ rule, the
posterior probability p(Y = y|x) can be written as follows:

p(x|Y =y)p(Y =y)
p(x)

Since the possible values of Y are 0 or 1, we define the Bayes
score, s(x), using the posterior log-odds as follows:

p(Y =ylx) = - (1)

ply = 1]x)

sG) =log 0l

™
= log 7?(1) +logp(x|y = 1) —logp(x|y = 0).  (2)

In this case, a score of O or higher corresponds to y =1,
and scores below 0 correspond to y = 0. Here, m; denotes the
prior probability, and log p(x|y = 1) — log p(x|y = 0)) is the
joint log-likelihood (joint LL), i.e., the log-odds of the class-
conditional probability for the entire observation. The individual
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LL for each feature is given by:
LLi(z;,y) = logp(z;|Y = y). (3)

Assuming all features of the observation are independent, the
ratio of joint densities factorizes into a product, yielding:

p(x|ly =1)

log ————=~

% p(x|y =0)
M

M
=Y logp(zily = 1) = Y logp(a;ly = 0)
% i

2M

= LLi(xi, yi), )

where 7 is less than or equal to M, ¢; and y; are both 1. When ¢
is greater than M, ¢; is —1 and y; is 0. Therefore,

2M
5(x) = log % + 3 GLLi(wi, i), 5)

which allows a naive Bayes classifier. However, real gaze fea-
tures usually have correlations and nonlinear interactions [12].
To account for this, we express the joint LL with a correction
term x(x) as follows:

2M
log p(x|y = 1) —log p(x|y = 0) = Y _ e;LLi(wi, ys) + £(x),

3
(6)
where > ¢; LL; represents the main effects of each feature, and
the term k(x) accommodates interaction effects (joint effects)
among features.

When interaction effects are weak, around a representa-
tive point, Z, where the data are concentrated (where z(x) =
[LLy(x1),...,LLapr(220r)]), a first-order Taylor expansion
allows for a linear approximation:

5(x) ~ spin (x)
= logﬂ + b+ wTz(x), (7)
o

where w and b are learned from the data, and b + wTz(x) plays
the role of a first-order approximation to Y, ¢;LL; + r(x).

In contrast, when interaction effects are strong and nonlinear,
higher-order interactions must be considered. In this case, we
use the kernel trick with a Gaussian kernel. With the kernel
function defined as K (z(x), z(x)) = e 1Z-%I” the Represen-
ter Theorem enables us to express the interaction effects as a
linear combination of basis functions. This results in:

5(x) & Sper(x)

_ m% +0+ Y 0K (z(x), 2(x)), (8)

where the nonlinear kernel, K, flexibly absorbs joint interac-
tions.

Accordingly, since the Bayes score s(x) becomes similar to
the SVM problem, we trained the coefficients of the decision
functions ((w, b) or (v, b)) with SVM. This ensures that s;;,, ()
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and s, (x) make decisions similar to the true s(x). During in-
ference, features extracted in real time are transformed into L Ls
to construct z(x), and the sign of the learned s(z) determines
click/non-click.

C. Observation to LL Conversion

The objective of this stage is to transform the obser-
vation vector x = (x1,...,2)) into an LL vector z(x) =
[LLi(x1),...,LLapr(22r)] that can be directly fed into the
Bayes score s(x) defined in Section III-B. To this end, for class
y € {0,1} and task context ¢, we fit the class-conditional pdf
p(z|Y =y, C) for each feature x; and compute the individual
L Ls using the fitted distributions. Since distributional properties
can vary with task context (e.g., target configuration or task
difficulty), all fittings were performed per condition and per
class.

We employed maximum likelihood estimation (MLE) for
distribution fitting, and the candidate family consisted of 15 rep-
resentative PDFs, including Gaussian, Weibull, and log-normal
distributions. For each (z;, y, C') combination, we estimated the
candidate distributions using MLE and evaluated the goodness-
of-fit using the Kolmogorov—Smirnov (KS) test. In this study,
we considered a distribution fitted only when the KS p-value was
0.05 or less. When multiple candidates met this criterion for the
same combination, we selected the distribution with the smaller
p-value as the final model. Using the selected p(z;|Y =y, C),
the individual LL at the online inference time under condition
C'is computed as:

Computing L L; for all dimensions yields z(x), which is then fed
to the decision function s(x) (with linear or kernel approxima-
tion), as defined in Section III-B, to determine the final intention
(click versus non-click).

IV. STUDY 1: CONSTRUCTION AND EVALUATION OF THE
SELECTION INTENTION PREDICTION MODEL

The primary goal of our study is to construct a real-time
selection intention prediction model using only gaze data. Ac-
cordingly, this section describes three stages: 1) collecting gaze
data when selection intention emerges during a target acquisition
task, 2) statistical feature selection and linear transform (LLT),
and 3) training and evaluating a model. Finally, we select the
model to be used for a manual-free selection technique.

A. Data Collection

1) Participants and Apparatus: We recruited 20 participants
(M = 24.35, SD = 2.03, 11 male, 9 female). All had normal or
corrected-to-normal vision and did not wear glasses. People with
color-vision deficiency were also excluded. We implemented the
VR environment in Unity 2022.3.16f1 and ran it on a Meta Quest
Pro HMD. We recorded eye-tracking data at 60—66 Hz.

2) Task Design: We implemented a modified version of the
target acquisition task used in previous research [45], [46] (see
Figs. 2 and 3). In this task, spheres were arrangedina 9 x 7 grid.
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Fig.2. We created four target configurations by combining two factors: target
size (Large or Small) and target density (Wide or Dense).
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Fig. 3. We categorized acquisition complexity into two levels based on the
difficulty of identifying the target. In the Simple acquisition task (left), a red
target object was placed among blue distractors, and participants were instructed
to click on the target. In the Complex acquisition task (right), each distractor had
a random word written on it. Participants had to find and click the target object
that had a word belonging to the same category as the word written on the starting
object.

A central start object (colored gray) was surrounded by distrac-
tors (colored blue). The objects located between the outermost
layer and the starting object served as potential target objects
(26 in total). These distractors were randomly activated as task
targets. Four configurations were created by varying two levels
of target density (Dense and Wide) and two target sizes (Small
and Large) (see Fig. 2). In the Dense target condition, objects
were spaced 7.5 degrees apart. In the Wide condition, the spacing
was 15 degrees. The Small and Large target widths were 3 and
6 degrees, respectively.

Two different task types were designed to present a variety
of task difficulties. The first is a simple acquisition task (or
Simple), which is similar to the task used in previous studies [45],
[46]. When the user points to the starting object, one of the
potential target objects is randomly activated and turns red. After
accurately pointing to and confirming the selection of the target
object, it turns blue again, accompanied by auditory feedback.
The user should then reset by pointing to the starting object
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again, which activates a new target object. The task is completed
after interacting with all potential target objects.

The second task was a complex acquisition task (or Complex)
in which a category word was displayed on the starting object.
The potential target objects were still colored blue and contained
words belonging to that category. The distractor objects showed
unrelated words (see Fig. 3). At the start of the task, participants
are asked to locate and select the object containing the correct
category word. After accurately pointing to the object and con-
firming their selection, the target object turns red and a sound
feedback is played. After pointing again at the starting object
again, a new category word appears, and the words on all objects
are shuffled. Then, one potential target is randomly selected as
the new target. The task ends when all potential targets have
been interacted with. The words used in the Complex task were
chosen from the language commonly used by the participants.

3) Study Design and Procedure: The data collection study
followed a 2 x 2 x 2 within-subjects factorial design: Target
Density (Dense and Wide) x Target Size (Small and Large) x
Task Complexity (Simple and Complex). Participants performed
the task in eight different conditions, completing two tasks per
condition, with each task consisting of 26 trials. In all conditions,
gaze pointing was used as the pointing technique, and selection
was confirmed by clicking the trigger button on the controller.

Before the experiment began, participants completed a de-
mographic questionnaire. Then, they received instructions on
the tasks, the VR HMD, and the controller use, followed by
an explanation of the eye-tracking calibration protocol. After
calibration, participants underwent a practice session in which
they completed five trials for each of the eight conditions to
familiarize themselves with the task. Then, they participated
in the main session, in which the order of the conditions was
counterbalanced using a Latin square [47]. After each task,
participants completed a one-question survey about discomfort
on a 10-point Likert scale to assess their level of fatigue [48]. If
a score of 7 or higher was reported, a rest period was provided.
If a score of 10 was reported, the experiment was terminated.
Additionally, the experiment was terminated if the total duration
exceeded 90 minutes, in order to prevent the degradation of the
quality of the gaze data due to accumulated fatigue. Participants
who completed the entire study finished 416 trials. The study
was conducted under institutional IRB approval.

4) Eye Tracking Data Pipeline: This subsection explains
how the eye-gaze data collected in Section IV-A were processed
and recorded. Our data pipeline converts eye and head tracking
data into gaze direction data and computes gaze-related features
when a fixation event is detected.

First, we collected eye (eye-in-head frame) direction data
and head (head-in-world frame) direction data using the HMD’s
tracking function. Then, we computed gaze direction data (eye-
in-world frame) by quaternion multiplication. Next, the head and
gaze direction data are converted to angular units to compute
angular dispersion and velocity for each frame. The [-VDT
algorithm uses these computed dispersion and velocity values to
detect fixation and saccade events [24], [49]. A velocity greater
than 70 degrees/second is classified as a saccade, while events
with a velocity less than 30 degrees/second, a dispersion of less
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than one degree, and a duration of at least 100 ms are classified
as fixations.

The I-VDT algorithm detects fixation events and com-
putes gaze-related features within a data window, as shown in
Fig. 1[44]. When a fixation is detected, features are computed for
the previous fixation (first fixation) and the preceding saccade.
Features are also computed for the currently detected fixation
(second fixation). When the fixation ends, the calculation of
gaze-related features stops. The list of computed features can be
found in the Supplementary Material.

B. Feature Selection and LL Transform

1) Feature Selection: For feature selection, we first split the
dataset by context (8 types) and conducted statistical tests for
each gaze-related feature by class (two types: click or non-click).
Class labeling was based on whether manual selection was con-
firmed. If the selection was confirmed during a fixation interval,
the features from that interval were labeled as class 1 (click);
if the fixation ended without a selection, the features were
labeled as class O (non-click). We then removed outliers using
IQR. After confirming the normality assumption, we conducted
independent-samples t-tests similar to prior work. Only features
that were significant (p < 0.05) in at least 6 of the 8 contexts
were selected. A summary of the selected features and detailed
statistical analyses are provided in the Supplementary Material.

2) LL Transformation With Context and Class-Wise PDF:
This subsection explains how observations are transformed into
LL. For each dimension, x; of the selected observation, x =
(x1, ...,z ), wefitthe class-conditional likelihoods, p(z;|Y =
y;, C),byclass,y € {0, 1}, and task context, C, using maximum
likelihood estimation. We considered candidate distributions to
include 15 pdfs, such as Gaussian, Weibull, and Log-Normal. We
considered a fit to be valid only when the Kolmogorov-Smirnov
(KS) test yielded p < 0.05. If multiple candidates satisfied the
criterion, we chose the one with the smaller p-value). Next, we
computed LL;(z;,y;) = logp(z;|Y = y;,C) and constructed
the LL vector, z(x) = [LLy, ..., LLsy]. Detailed fitting out-
comes and KS test results are available in the Supplementary
Material.

C. Training and Evaluating ML Model

This subsection describes how we trained and evaluated the
prediction model. Due to class imbalance (e.g., approximately
1:4 in Simple and 1:80 in Complex), we re-sampled to a ratio
of 1:3 and applied a train/validation/test split of 6:2:2. We used
a Gaussian kernel-based SVM and optimized the hyperparam-
eters gamma and C with a grid search. To prevent overfitting,
we conducted 5-fold cross-validation. We report the following
metrics: accuracy, F1-score, and AUC-ROC.

1) All-Context versus Context-Specific Model: We first fixed
the LL input and compared an All-context model, which was
trained on all 8 contexts combined, with Context-specific mod-
els, which were trained separately for each of the 8 contexts. We
evaluated both the All-context and the Context-specific models
on each individual context dataset. For a given context, the
Context-specific model exhibited slightly superior performance
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(see Table I). We attribute this to the advantage of learning the
interaction effect from data restricted to a specific context. In
contrast, the All-context model must accommodate heteroge-
neous distributions across contexts. Additionally, the Complex
task models showed higher classification performance than the
Simple task models. The inference time for all models was less
than 1 ms.

2) Ablation Study: We verified the contribution of input rep-
resentations for the Complex x Small x Wide condition through
an ablation study with the following conditions:

e All & Obs: All raw observations without feature selection

o Selected & Obs: All raw observations only with selected

features

e Selected & LLs: LLs only with selected features

The metrics for each condition are reported in Table II. The
evaluation results show that the Selected Features condition
outperformed the All Features condition, aligning with prior re-
search [42]. Furthermore, the highest performance was achieved
by using the proposed LL transform.

V. STUDY 2: EVALUATION OF THE GAZE-BASED INTERACTION
TECHNIQUES

The objective of Study 2 was to evaluate the performance
and user experience of the gaze-based Manual-free selection
technique in realistic interaction contexts and to quantitatively
compare it with existing manual selection techniques. Our ob-
jective was to provide insights that underscore the potential
of manualfree selection. To minimize the Midas touch effect,
we first selected the two environments with the highest F1
scores identified in Study 1. These corresponded to the two
configurations (Small x Dense, Small x Wide) with the complex
target-acquisition scenario adopted from Study 1. Manualfree
then employed the intentionprediction pipeline established in
Study 1 and operated with a contextspecific model tailored
to the selected configurations. Thus, the study was designed
to minimize unnecessary automatic selections by Manual-free
while clearly demonstrating its strengths in representative usage
scenarios.

A. User Study

1) Participants: We recruited 25 participants (M = 23.36,
SD = 2.21, Male = 10, Female = 15) for Study 2. None of
the users had participated in Study 1, and all had normal or
corrected-to-normal vision. Of those with corrected-to-normal
vision, only those using non-glasses corrective devices were
eligible. Individuals with color blindness were also excluded
from participation. 16 of the participants reported previous
experience with VR environment and HMDs. We used the same
VR environment and HMD as in Study 1.

2) Task and Interaction Techniques: The task implemented
in this user study was the Complex target acquisition task used
in Study 1 (see Fig. 3. Participants had to read the category word
displayed on the starting object and find the target object labeled
with a word belonging to that category among the distractors.
In Study 2, only two types of target configurations were used:
Small x Dense and Small x Wide.
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TABLE I
PERFORMANCE COMPARISON BETWEEN ALL-CONTEXT AND CONTEXT-SPECIFIC MODELS

All-Context Model

Context-Specific Model

Task Type  Target Cofiguration Accuracy  FI  AUC-ROC Accuracy  FI  AUC-ROC
Targe X Dense 0744 0565 0751 0756 0588 0787
Simple Large x Wide 0808 0514 0814 0827 0607 0816
Small x Dense 0753 059  0.769 0769 0598 0792
Small x Wide 0794 058 0788 0781 0552 0817
Large x Dense 0928 0882 0967 0929 0883 0969
Complex  Laree x Wide 0933 0875 0977 0952 0913  0.982
Small x Dense 0927 088 0098 0947 0921 0976
Small x Wide 0943 0904 0953 0972 0957 0987

TABLE II
COMPARISON OF MODEL PERFORMANCE BASED ON FEATURE SELECTION AND
LL CONVERSION AT COMPLEX X SMALL X WIDE CONDITION

Accuracy F1 AUC-ROC
All & Obs 0.751 0.321 0.649
Selected & Obs 0.838 0.455 0.685
Selected & LLs 0.972 0.957 0.987

Four interaction techniques were used, each with different
pointing and selection methods as follows:

1) Cont: Gaze-based pointing and controller-based selection

2) Hand: Gaze-based pointing and hand gesture-based selec-
tion
Dwell: Gaze-based pointing and dwell-based selection
Manual-free (Ours): Gaze-based pointing and selection
using an intention prediction model

Gaze-based pointing uses gaze direction data, computed using
a raycasting method, to identify the object at which the user is
pointing.

The selection mechanism for the Manual-free condition relied
on gaze data processed through the pipeline. The computed
observation data was then fed into the Bayesian-based ML
model. Based on the model’s inference, the system automatically
decided whether to select the pointed object. For the other
three manual selection methods, the initial option is the Dwell
condition. In this condition, an object is selected when the user
holds a fixed gaze on it for over 600 ms. In the Cont and Hand
conditions, the pointed object was selected when the trigger
button on the handheld controller was pressed and a pinch
gesture was observed. The manual-free technique takes up to
12 ms from the time it takes to infer intention from eye-tracking
data to the time it takes to perform the selection.

3) Study Design and Procedure: The user study followed
a 2 x 4 within-subjects factorial design: Target Configuration
(Small x Dense and Small x Wide) by Interaction Technique
(Cont, Hand, Dwell and Manual-free). Participants performed
the Complex target acquisition task under eight different condi-
tions, completing one task per condition. Each task consisted of
26 selection trials.

Prior to the start of the experiment, participants completed
a demographic questionnaire. Then, they were then instructed
on the task to be performed and how to use the VR HMD
and controller. Instructions for the eye tracking calibration
protocol were also provided. After completing the calibration,
participants underwent a practice session in which they expe-
rienced five trials of each of the eight condition to familiarize

3)
4)

themselves with the task. This was followed by the main session,
in which the order of conditions was counterbalanced using a
counterbalanced Latin square design [47].

After each task, participants completed a discomfort sur-
vey [48], the System Usability Scale (SUS) [50], and the NASA-
TLX [51] survey. Participants were given a break if they rated
discomfort as 7 or higher, and the experiment was terminated if
they rated discomfort as 10. The study was IRB approved.

B. Results

We conducted a statistical analysis to examine the effects
of the Target Configuration and Interaction Technique factors.
First, we assessed the normality of the data using the Shapiro-
Wilk test. If the data met the normality assumption, we pro-
ceeded with a two-way repeated measures analysis of variance
(RM ANOVA) to test for interaction effects and main effects.
Additionally, RM-ANOVAs conducted separately for the Small
x Dense and Small x Wide configurations to observe the effect
of the Interaction Technique factor.

For all RM-ANOVA analyses, if Mauchly’s test indicated a vi-
olation of the sphericity assumption, we adjusted the degrees of
freedom with Greenhouse-Geisse correction. If the data violated
the normality assumption, we used the Friedman test instead.
When a significant interaction or main effect was observed by
RM-ANOVA or the Friedman test, post-hoc pairwise compar-
isons were performed using Bonferroni correction for multiple
comparisons. The following section highlights the results where
statistical significance was found; detailed statistical analysis
results can be found in the Supplementary Material.

1) Timeto Completion (TTC): TTC was measured as the time
from when the participant pointed to the starting object until
they selected target object. The mean TTC for each task was
calculated by averaging the TTCs across the 26 trials. A smaller
TTC indicates faster target acquisition.

The two-way RM ANOVA revealed no significant interaction
effect. However, main effects were observed for both the Target
Configuration and Interaction Technique factors (see Fig. 4 left).
To further investigate, a one-way RM ANOVA was performed
for each configuration type. In the Small x Dense condition,
the Interaction Technique factor significantly influenced the
Time to Completion (TTC). Post-hoc tests showed that the
Cont, Hand, and Manual-free conditions resulted in significantly
shorter TTC than the Dwell condition. Similarly, for the Small
x Wide condition, significant differences in TTC were also
found among Interaction Technique, with the Dwell condition
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[ : Small x Wide & Cont  [II] : Small x Wide & Hand [JIll: Small x Wide & Dwell [HIll: Small x Wide & Manual-free

Fig. 4. TTC (Left) and TTS (Right) based on Target Configuration and
Interaction Technique. Statistically significant differences identified through
post-hoc tests are indicated by connecting lines, where *, #x, and s represent
p-values less than 0.05, 0.01, and 0.001, respectively.

Rate

Error Rate

[ Small x Dense & Cont [_]: Small x Dense & Hand [[_]: Small x Dense & Dwell [[.0]: Small x Dense & Manual-free
[ : small x Wide & Cont [II: Small x Wide & Hand [l Small x Wide & Dwell [Illl: Small x Wide & Manual-free

Fig. 5. The error rate (Left) and the SUS survey score (Right), which was
collected through interviews, based on Target Configuration and Interaction
Technique. Statistically significant differences identified through post-hoc tests
are indicated by connecting lines, where x*, s, and s#x* represent p-values less
than 0.05, 0.01, and 0.001, respectively.

exhibiting the longest TTC. These findings demonstrate that
the Dwell condition consistently results in the slowest target
acquisition time across all configurations.

2) Time to Select (TTS): TTS refers to the time between the
participant’s perception of a target and the completion of the
selection by clicking. Target perception is defined as the moment
when the participant fixates their gaze on the target prior to
selection confirmation. A shorter TTS indicates faster selection
confirmation.

The analysis using a two-way RM ANOVA revealed signifi-
cant interaction effects as well as main effects of the two factors
on TTS (see Fig. 4 right). Additionally, one-way ANOVA for
each configuration type showed significant differences in TTS
based on the Interaction Technique factor. Post-hoc tests for the
Small x Dense indicated that the Dwell condition had signifi-
cantly longer TTS compared to the Cont, Hand, and Manual-free
conditions. Similarly, in the Small x Wide condition, the Dwell
condition also exhibited significantly longer TTS compared to
the other conditions. However, no statistically significant differ-
ences were observed between the remaining conditions. These
results suggest that the Dwell condition consistently leads to the
longest selection times.

3) Error Rate: The error rate was calculated by dividing the
number of unsuccessful clicks by the total number of clicks
during the task. A higher error rate indicates that the participants
had more difficulty making selections due to configuration or
technique.

The analysis of error rate using a two-way RM ANOVA
revealed significant interaction effects and main effects of both
factors (see Fig. 5 left). Furthermore, one-way RM ANOVA for
each configuration type indicated that the Interaction Technique
factor significantly influenced the error rate. In the Small x
Dense condition, post-hoc tests showed that the Hand condition
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had a significantly higher error rate compared to the Dwell and
Manual-free conditions. For the Small x Wide condition, the
Cont condition exhibited a higher error rate than the Dwell and
Manual-free conditions, while the Hand condition also showed
a higher error rate compared to the Dwell and Manual-free
conditions. These findings suggest that the Hand condition
consistently led to more frequent error trials compared to the
gaze-based unimodal methods, such as Dwell and Manual-free,
across all configurations. Moreover, in the Small x Wide config-
uration, the Cont condition also resulted in more errors compared
to the Dwell and Manual-free conditions.

4) System Usability Scale (SUS): The SUS survey scores,
which reflect the usability of the system, indicate that higher
scores correspond to better usability.

The two-way RM ANOVA analysis revealed significant main
effects of both the Interaction Technique and Target Configura-
tion factors (see Fig. 5 right). Furthermore, one-way ANOVA
for each configuration demonstrated that the SUS scores dif-
fered significantly based on the Interaction Technique. In the
Small x Dense configuration, post-hoc comparisons indicated
that the Manual-free condition yielded significantly higher SUS
scores than all other conditions, whereas the Dwell condition
scored significantly lower than the Cont and Hand conditions.
In the Small x Wide configuration, the Manual-free condition
again achieved significantly higher SUS scores than all other
conditions. These results indicate that the Manual-free condition
provided superior usability irrespective of the configuration.

5) NASA-TLX: Perceived workload was assessed using the
total score of the NASA TLX questionnaire, with a lower score
indicating less workload. Furthermore, analyses were conducted
for the six sub-dimensions of NASA-TLX.

Overall Score: A two-way RM ANOVA revealed significant
main effects for each factor; however, no interaction effect was
observed (see Fig. 6 Overall). Specifically, the Interaction Tech-
nique factor demonstrated statistically significant differences in
overall scores for each configuration. Further post-hoc analysis
showed that the Manual-free condition produced significantly
lower overall scores compared to all other conditions. This result
indicates that, regardless of the configuration, participants per-
ceived the workload to be the lowest when using the Manual-free
technique.

Six Sub-dimensions: Results of the two-way RM ANOVA
showed no interaction effects in all sub-dimensions. However,
significant main effects of the Interaction Technique were ob-
served in all sub-dimensions. Meanwhile, the configuration
factor exhibited significant main effects in the Mental, Physical,
and Effort sub-dimensions.

VI. DISCUSSION

In Study 1, we evaluated a Bayesian approach that predicts
selection intention using only gaze data. Furthermore, in Study
2, we designed and evaluated a manual-free technique that does
not require explicit gestures. Based on the results of the two
studies, our contributions are summarized as follows:

1) We propose a pipeline that predicts selection intention in

real time and with high accuracy from gaze data, and we
build the selection intention prediction model.
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Fig. 6.

Overall and 6 sub-dimension NASA-TLX scores based on Target Configuration and Interaction Technique. Statistically significant differences identified

through post-hoc tests are indicated with connecting lines, where x*, %, and sxx represent p-values less than 0.05, 0.01, and 0.001, respectively.

2) We designed a Manual-free technique driven by the pre-
dicted intention and quantitatively evaluated its advan-
tages over existing manual techniques.

3) We discuss how the proposed method and technique can
be applied to the HCI and XR domains.

A. Bayesian Approach to Predicting Selection Intention

In this study, inspired by a Bayesian approach that suc-
cessfully addressed problems in 2D screen touch [52], [53]
and 3D target acquisition [12], [33], [46], [54], [55], we ap-
plied probabilistic featureization to convert gaze-related features
into LL vector. We hypothesized that this LL vector would
be more advantageous for ML models in predicting selection
intention than traditional observation data formats, and Study
1 confirmed this hypothesis. The prediction performance was
significantly higher with the LL vector compared to the raw
data (observation data). This underscores the importance of
modeling the intended decision and featurizing observations
accordingly.

Building on prior work that used statistical feature selection,
we selected only those gaze features that showed significant
differences by intention for each task condition. Specifically,
we used class-wise t-tests and included as inputs only the
features that satisfied p < 0.05 [42]. Study 1 showed that this
contributed to improved ML predictive performance, aligning
with the prior literature. We attribute this to reduced redundancy
from correlated features, thereby lowering model complexity
and interaction effects (x(x)).

Our model fits class-conditional distributions separately for
each condition, because the distribution of gaze features varies
with task context. For example, even the same gaze-related
feature can shift with the target configuration or task diffi-
culty [43]. Accordingly, we estimate distributions by maxi-
mum likelihood for each condition—class pair and compute LL.
Comparing context-specific models with an all-context model
showed higher performance for the context-specific variants.
This suggests that mixing heterogeneous contexts makes it
harder for the SVM to establish a stable decision boundary.
Through this pipeline, we were able to build a high-performance
intention prediction model, which in turn enabled the design of
a highly accurate manual-free interaction technique.

B. Improving Interaction Experience in 3D Target Selection

Analyzing the results of Study 2, the Manual-free technique
showed strengths across indicators and, depending on the con-
dition, exhibited advantages over manual techniques in terms of
speed, accuracy, usability and workload.

Participants demonstrated high selection accuracy when using
Dwell, a traditional gaze-based manual selection technique, but
provided feedback that their selection speed was slower than
the other conditions and that they perceived it as inconvenient.
Consistent with previous findings [23], [56], the Dwell tech-
nique resulted in less frequent error trials than Hand and Cont.
However, TTC and TTS were significantly longer compared to
multi-modal techniques and Manual-free. The characteristics of
dwell-based techniques that require dwellings above a threshold
were observed. However, the trade-off between high accuracy
and slow performance was a drawback for system usability. Par-
ticipants reported significantly lower SUS scores when using the
dwell technique compared to the multimodal and Manual-free
techniques, indicating that the system was the least user-friendly.
The interview feedback reinforced these findings: P16 reported,
“The slow click speed made it a bit of a pain to use,” while P13
noted, “The delay in selection made it unclear whether the click
was registered properly, which caused worry and stress.”

Participants performed the task faster and reported higher
usability scores when using the Hand technique, a multimodal
technique, compared to Dwell. However, error trials were ob-
served with a higher frequency compared to the other techniques.
Specifically, the error rate was significantly higher compared to
the Dwell and Manual-free techniques. Previous studies have
reported that the Hand technique suffers from error trials due to
the gesture being made too late or before the gaze is accurately
fixated on the target [39], [S7]. Such cases were also found in this
study, such as P6’s case, “Sometimes I kept holding the pinch
gesture because it was annoying to keep my hand extended,
and it was automatically clicked at this time,” or P21’s case,
“Sometimes I couldn’t click even if I pinched it, but if I think
about it, it was when I already moved my gaze to find the next
target.”

Even when using the multimodal technique Cont, partici-
pants reported faster performance and higher usability scores
compared to Dwell. In terms of error rate, it was higher than
the Dwell in the Small x Dense configuration, and significantly
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higher than the Dwell and Manual-free conditions in the Small
x Dense configuration. However, the difference in familiarity
compared to the Hand technique is revealed in the interview
session, as P5’s interview feedback “It felt like a mouse on
the desktop, so it was more familiar and comfortable” and
P12’s response “Button clicks were more recognisable than
hand gestures”. However, for the Small x Wide configuration,
which required more accurate selection, the disadvantages of the
multimodal technique became apparent. Multimodal techniques,
which require different modalities for pointing and selection, are
more complex to use than gaze-based techniques, and appear to
lead to significantly higher error rates in configurations requiring
higher accuracy, as evidenced by P21°s feedback that “Having to
doitintwo steps was more complicated than just using the eyes”.
This suggests that unimodal techniques are more appropriate in
environments where accurate selection is required.

When using the Manual-free technique, participants demon-
strated fast and accurate target selection and responded with a
high usability score and low workload. The TTC and TTS were
significantly shorter than the Dwell technique, while comparable
to the two multimodal techniques, as no statistical significance
was observed. In terms of error rates, the Manual-free technique
outperformed the Hand condition in all configurations and the
Cont condition in the Small x Wide configurations. Furthermore,
the Manual-free technique achieved higher usability scores in all
configurations. Regarding workload and physical demand, the
Manual-free technique yielded significantly lower NASA-TLX
scores in all configurations compared to the other techniques.
P23 commented, “This (Manual-free) technique was convenient
because it allowed accurate and quick clicks using only my
eyes”, and also P10 remarked, “Dwell technique caused fatigue
because it required maintaining focus for a fixed period of time,
which was not the case with natural clicking”. This underlines
the simplicity and intuitiveness of the Manual-free technique,
which avoids the complexity of the two-step processes of multi-
modal techniques and the manual fixation required by Dwell.
These advantages allow for faster and more accurate target
acquisition.

In summary, the simplicity and low workload of the Manual-
free technique makes it more suitable than multimodal tech-
niques for environments that require precise interactions or
prolonged use. In addition, its ability to support faster selection
compared to unimodal dwelling suggests its effectiveness in
high-frequency selection environments, such as text entry or
menu selection tasks.

C. Applications of Manual-Free Technique

Leveraging the observed fast selection speed, low error rate,
high usability, and low workload, the manualfree technique is
well suited for tasks that involve frequent selections over long
durations, such as text entry [33] and menu navigation [37],
where it supports consecutive selections without the delay in-
herent to dwell and with lower workload than manual methods.
These aspects are particularly relevant in situations where XR
technologies are adopted, such as in clinical environments where
hygiene is required, in manufacturing and maintenance tasks
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where both hands are occupied, in logistics and fieldwork, and
in laboratory or educational settings where the conditions of
the work inherently restrict the use of manual techniques for
operating the XR interface. In these cases, enabling precise
selection without using the hands makes the proposed approach
particularly useful.

From an accessibility perspective, it lowers the entry barrier
for older adults or people with upper-body impairments by
enabling precise interaction using gaze alone. Wu et al. [21]
investigated the challenges older adults face when selecting
and manipulating 3D objects in VR and found that interaction
accuracy decreases during manual selection, leading to nega-
tive user experiences and highlighting the need for alternative
modalities. The selection technique proposed in this study could
address these issues by providing a more accessible solution.
In addition, Franz et al. [22] compared different locomotion
techniques for individuals with upper limb motor impairments
in VR environments and found that methods that did not require
a controller were the most preferred. By integrating the pro-
posed selection technique with teleportation, it could serve as a
valuable locomotion tool for users with motor impairments.

D. Limitations and Future Work

While we confirm the potential of manual-free interaction,
several limitations and directions for future work remain. First,
the model exhibits context dependence. Applying it to a new
context requires collecting data and retraining the model. In our
experiments, we fit condition-specific distributions by task type
and target configuration. However, we cannot assume that the
resulting model generalizes to other tasks or backgrounds. That
is, a model optimized for a particular context may not transfer
well to another. In practice, additional data collection and model
tuning will be needed for the target environment. To reduce de-
ployment cost, future work should explore contextrobust general
models or domain adaptation methods that adapt quickly with
limited data. For example, mechanical simulation data [46] or
deep generative density estimation [58] could be used to predict
likelihood distributions for new tasks without extra experiments,
thereby reducing retraining overhead.

Second, our current commit mechanism uses a single thresh-
old, which can lead to false positives depending on the situation.
The system regards s(x) > 0 as intent to select. This fixed
threshold risks inadvertent clicks when a user briefly glances
at an object. Although such events were not problematic in our
study, more complex environments could suffer from inaccurate
autoselections that harm user experience. A practical remedy
is to employ more conservative or dynamic thresholds. For
example, allowing configuration of the commit criterion (e.g.,
s(z) > 0.50r > 1) depending on application requirements can
balance fast response and falsepositive suppression and improve
the reliability of manualfree interaction.

Third, the current intention prediction model is limited to
binary classification (“select” versus “nonselect”) and does not
yet distinguish what action the user intends to perform next
(e.g., click, drag, open or close a menu, scroll). Extending
the LLbased approach to intended action classification would
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enable the system to proactively suggest and guide appropriate
interactions based on context. When the system can infer what
the user intends to do, it can support layered tool switching and
predictive assistance that naturally progress, enabling a more
intelligent gazebased interaction design.

Lastly, our user study was conducted under relatively static
and simplified conditions. We validated the core capability with
fixed virtual objects and without visual distractors. Real XR
applications will involve moving targets, dynamic backgrounds,
and a wide variety of situational changes. Future work should
therefore test the proposed technique in more realistic and
complex scenarios. For example, selecting moving objects, op-
erating amid visual clutter, and using AR headsets that expose
the real world would help validate robustness and practical
utility.

VII. CONCLUSION

In VR/AR environments, 3D target acquisition typically re-
lies on interaction techniques that require a manual selection
step. These methods often increase the physical and cognitive
load, which hinders the experience of natural interaction. To
address this issue, we propose the Manual-free technique that
uses gaze data to predict the user’s selection intention, enabling
interaction without the need for manual selection. Specifically,
a probabilistic featureization is used to transform gaze-related
features into LL vectors, which are then used to predict user
intention through a Bayesian-based ML model. Furthermore,
in user studies, by comparing the Manual-free technique with
traditional manual selection methods, it demonstrated a more ac-
curate selection performance and provided a more comfortable
interaction experience. Finally, based on our results, we discuss
how interaction techniques that do not require manual selection
can be applied in practical scenarios.
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