
Stretch Gaze Targets Out: Experimenting with Target Sizes for
Gaze-Enabled Interfaces on Mobile Devices
Omar Namnakani

o.namnakani.1@research.gla.ac.uk
University of Glasgow

Glasgow, United Kingdom

Yasmeen Abdrabou
yasmeen.essam@unibw.de

Lancaster University
Lancaster, United Kingdom

Human-Centered Technologies for Learning,
Technical University of Munich

Munich, Germany

Jonathan Grizou
jonathan.grizou@glasgow.ac.uk

University of Glasgow
Glasgow, United Kingdom

GrizAI
Glasgow, United Kingdom

Mohamed Khamis
mohamed.khamis@glasgow.ac.uk

University of Glasgow
Glasgow, United Kingdom

Figure 1: In this work, we investigate the relationship between target size, target region and distance between user and screen.
We investigate �ve target sizes in visual angles, three screen regions, and �ve face-to-screen distances. The �gure shows the
�ve distances used in the study with the mobile phone �xed at 60°. Based on our investigation, we present concrete design
guidelines allowing developers to optimise target sizes on gaze-enabled interfaces on mobile devices.

ABSTRACT
Users hold their mobile phones at varying distances depending
on their posture, the application being used, and the task’s nature.
Without considering such variation when designing UI target sizes
limits the applicability of gaze selection for everyday interaction
with mobile devices. Towards this end, we conducted a user study
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(# = 24) to investigate the implications of di�erent target sizes
and viewing across di�erent screen regions. While larger targets
generally improve accuracy and decrease precision, accuracy is
signi�cantly higher in the horizontal than in the vertical direction.
This subsequently led us to �nd that increasing the tracking area in
the vertical direction only, while maintaining the same visual target
size, signi�cantly improves accuracy. This suggests that visually
smaller targets with larger vertical tracking areas enhance accuracy.
Based on our results, we present concrete design guidelines for
developers to optimise target sizes on gaze-enabled mobile devices
to improve accuracy across varying user-to-screen distances.
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1 INTRODUCTION
Researchers have explored various gaze input techniques to interact
with mobile devices. Dwell time was traditionally one of the early
techniques introduced to overcome the Midas touch problem [31].
Other techniques that rely on relative eye movements, such as
Pursuits [20, 64] and Gestures [26, 43], were introduced as alter-
natives to minimise the problem. However, Dwell time interfaces
still continue to exist, as they show promise in mobile contexts
where they were favoured by users [38, 47]. Also, none of the other
proposed techniques provides the same point-and-select function-
ality as a touchscreen, giving Dwell time a distinct advantage as
it replicates this capability [23]. This underlines the importance
of improving the usability of Dwell interfaces for target selection,
as recent research in gaze-enabled interfaces on mobile devices
assessed the usability of Dwell time technique on interfaces that
were fundamentally optimised for touch [38, 47], featuring buttons
and layouts designed to improve selection accuracy using �nger-
tips [3, 6]. While gaze input can function on these interfaces, its
e�ectiveness is limited because the design is not optimised for gaze
input. Dwell input is now supported on Apple devices in their latest
operating system, enabling users to interact with their iPhones and
iPads using a built-in eye-tracking feature that users can activate
(Settings -> Accessibility) [4].

Prior work investigated target size for Dwell interfaces [22, 49].
However, when considering the mobile context, such as how users
hold their phones at varying distances and the constraints of limited
screen real estate [12, 27, 34], such variation largely limits the
applicability of the results of such works, given also the limited
screen sizes. Hence, in this work, we investigate the relationship
and interplay between target size, viewing distance, and screen
region on gaze tracking accuracy for dwell-based input on mobile
devices.

Through a controlled lab study (# = 24), we collected gaze
data as users �xated on targets of di�erent sizes based on their
viewing distance. We tested �ve viewing distance ranges: [25-29],
[30-34], [35-39], [40-44], and [45-49] centimetres, accommodating
both extremes—from very close, e.g. [25-29] cm, to further away,
e.g. [45-49] cm. We also experimented with four di�erent target
sizes, represented by visual angles of 2°, 3°, 4°, and 5°, across three
screen regions: top, middle, and bottom. This work aims to evaluate
several interface designs that facilitate point-and-select tasks using

gaze alone, comparing the performance of di�erent target sizes and
distance combinations. By analysing these con�gurations, we aim
to uncover the strengths and limitations of each, providing insights
into how targets can be designed and optimised for gaze-enabled
mobile devices when held at di�erent distances in terms of accuracy
and precision.

Our results indicate that targets with a visual angle of 4° serve
as an optimal "sweet spot" across all screen regions and face-to-
screen distances, minimising tracking errors and achieving an over-
all tracking accuracy of approximately 70% or higher. Furthermore,
we found that horizontal tracking accuracy is higher than the verti-
cal one, suggesting that elongated targets yield signi�cantly better
results than uniform ones. To maintain the perception of target size
(measured in visual angle) in mobile contexts where the phone’s
position varies, their on-screen dimensions must be adjusted based
on the screen’s distance from the user. Thus, in our study, we ac-
counted for this by calculating and adjusting the on-screen target
dimensions, using units such as centimetres, based on the phone’s
position at speci�c viewing distances (see Figure 1). This ensured
that participants perceived the targets at the intended visual angles.
We found that such adjustments to targets based on viewing dis-
tance resulted in tracking accuracy diminishing for all target sizes
as the face-to-screen distance decreased. This paper discusses the
interplay between target size, target region, and face-to-screen dis-
tance and concludes with guidelines for enabling gaze interactions
on mobile devices. Our �ndings show greater potential for gaze-
enabled interfaces and highlight the need for tailored gaze-based
interfaces that leverage the strength of gaze input towards more
naturalistic and intuitive interactions. This research contributes to
improving the integration of gaze interactions on mobile devices
by addressing key factors that impact gaze tracking accuracy. It
also calls for more tailored interfaces for gaze-based interaction on
mobile phones.

Based on our �ndings, we present concrete design guidelines to
allow developers to optimise target sizes on gaze-enabled interfaces
on mobile devices for improved accuracy across varying face-to-
screen distances. Our guidelines take into consideration both the
horizontal and vertical tracking performance and o�er speci�c
target size recommendations based on the face-to-screen distance.
Developers can refer to the table 3 to �nd the minimum visual
target size needed to maintain a desired level of accuracy, as well
as insights on how adjusting the tracking area, especially in the
vertical direction, can further improve accuracy.

CONTRIBUTION STATEMENT
This work has two novel contributions. First, we investigate the
relationship between target size, target region, and face-to-screen
distance. Second, we provide tailored guidelines for designing gaze-
enabled interfaces on mobile devices.

2 RELATEDWORK
This work builds upon previous research in three areas: a) gaze
interactions on mobile devices, b) the challenges associated with
gaze interactions in general and on mobile devices in particular,
and c) visual angle and target size for gaze-based input. We then

https://doi.org/10.1145/3706598.3713092
https://doi.org/10.1145/3706598.3713092


Stretch Gaze Targets Out CHI ’25, April 26-May 1, 2025, Yokohama, Japan

conclude this section with a summary of the research gap and how
our work contributes to it.

2.1 Gaze-based Interaction Techniques on
Mobile Devices

As mobile devices become increasingly powerful, with improved
front-facing cameras, they hold signi�cant potential for integrating
and adapting eye-tracking technology [17]. This advancement has
driven the development of novel input techniques that leverage gaze
as a form of interaction on mobile devices [60]. The strength of gaze
input is not only that it provides natural interaction [40], but also
that it requires less e�ort compared to other input techniques [36].
Additionally, gaze-based interaction can help overcome various
situational impairments, such as operating the phone with one
hand, wearing gloves, using the device in the rain, or when touch-
based input is generally unavailable [35, 39, 40, 56, 60].

The most common gaze input technique for pointing and selec-
tion is Dwell time [31]. Dwell time requires users to brie�y �xate
on a target to trigger a selection, helping mitigate the “Midas touch”
problem–the challenge of distinguishing between gaze used for
viewing versus intentional action [17, 23, 46]. However, Dwell time
requires target sizes to be optimised to compensate for the inaccu-
racy of eye tracking [1, 31, 46].

Alternative gaze-based techniques, such as pursuits and gaze
gestures, have been explored to overcome these limitations. Pursuits
leverages smooth pursuit eye movements, where the user follows a
moving object with their gaze [18, 64, 65]. Though successful on
small displays [18], this techniquewas less preferred duringwalking
scenarios, despite its faster selection speed [47]. Furthermore, as
the number of selectable targets increases, background correlations
often reduce Pursuits’ accuracy [64].

The third most commonly used gaze-input technique is gaze
gestures [8, 13, 14, 44]. This method requires users to perform eye
movements in speci�c directions [71] or execute a series of gestures
with their eyes [14, 55]. Best et al. introduced a rotary-style, gesture-
like PIN entry interface using a boundary-crossing approach with
a weighted voting scheme for numerals. By using Fitts’ Law to
model their task, they attributed the rotary style speed advantage
to the constant distances between the interface center and any of
its numeric pads and also to the elimination of the need for �xation
detection [7]. While gaze gestures showed robustness in mobile
context [38], it is slower as the number of targets increase [47].
Additionally, using a large or complex set of gestures can be chal-
lenging, as they may be di�cult to remember and perform [44].

Although various gaze-based interaction techniques for point-
ing and selection have been introduced in the literature, Dwell
time remains the default for gaze-based interaction on most inter-
faces [19], and speci�cally mobile devices [38, 47]. This is largely
due to its ease of learning and intuitive nature, as well as being
the direct gaze counterpart to mouse clicks and touch taps. There-
fore, further research is needed to improve pointing and selection
in Dwell-based interfaces, particularly in the context of mobile
devices, where varying user holding postures and screen layouts
introduce new challenges.

2.2 Factors In�uencing Gaze Tracking Accuracy
Eye tracking on mobile devices presents several challenges, ampli-
�ed by the nature of mobile usage. These challenges can be grouped
into two categories: 1) gaze estimation issues from both the user
and device perspective and 2) interface design. Gaze estimation
accuracy is often a�ected by factors such as face visibility and oc-
clusion [28, 34]. Huang et al. [28] found that full faces were visible
in only 30% of collected images. Similarly, Khamis et al. [34] noted
that users frequently occlude their faces with their hands or hold
their devices in ways that obscure the camera’s view, making gaze
estimation di�cult. This is in addition to the shaky environment
nature of mobile devices e.g. during walking or extreme holding
postures e.g. slouching (very close) or taking group sel�es (very far).
Additionally, changing light conditions or facing direct or no light
at all further degrades estimation accuracy [22]. Factors such as
makeup, face coverings, eye colour, and ethnicity [25] can in�uence
gaze estimation performance.

On the interface side, precise gaze input is still di�cult to pro-
vide, leading to solutions that often pair gaze input with additional
modalities like a mouse [15, 69], pen [51], touch [50, 52, 57], or
gestures [53]. However, such approaches limit the hands-free po-
tential of gaze-based interaction and make it dependent on other
modalities. Another approach involves estimating the object of
interest [45, 59] or detecting user intent [24] to reduce the selec-
tion possibilities and improve accuracy. Yet, this requires extensive
training data for prediction models, which is not always readily
available.

A simpler solution has been to magnify graphical user inter-
faces [5, 36, 37, 61], but this reduces the number of selectable targets
and is often not preferred by users. Another technique involves
invisibly expanding targets, the e�ective area of the target in mo-
tor space–allowing gazes near the target to be still registered as
selections–without altering its visual size [41]. Therefore, target
shape, size, and location become critical design factors in gaze-based
interactions.

Several studies have examined how target region [22], size [22,
48, 68], and spacing between targets [42] a�ect gaze input. which
we will expand on in the following section.

Wang et al.[66] studied the e�ect of visual and motor space sizes
(invisible tracking areas) on gaze-based target selection in desktop
environments. They found that larger motor spaces led to more
accurate target selection and reduced user frustration. They also
discovered that the visual space has a feedforward e�ect on selec-
tion speed and modulates the motor space’s e�ectiveness. These
�ndings align with previous work that tested the bene�ts of target
expansion in motor space [41]. Finally, studies have also looked
at optimal dwell times for triggering target selection [48], with a
recommended dwell time of 600ms for desktop displays.

2.3 Visual Angle and Target Size for Gaze
Selection

Prior work showed that targets need to cover at least one degree
of visual angle for e�ective eye tracking. This requirement stems
from the limitations of the fovea, the part of the retina responsible
for sharp vision. When targets are smaller than this size, users may
�nd it di�cult to select them accurately [32, 41].
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Several studies have examined target size [22, 48, 68] for dwell-
based interfaces and provided recommendations.

Several studies con�rmed that larger targets result in improved
gaze input accuracy. This is expected as the larger the target, the
easier it is to determine that the user is gazing at it. Examples of this
include the work of Sakamaki et al. [30], who investigated the e�ect
of feedback, target size, and colour on gaze accuracy in o�-screen
object selection. While no signi�cant di�erences were found across
audio, visual, and haptic feedback, they identi�ed that larger targets
(12 cm) reduced error rates and improved selection speed. Similarly,
Stellmach et al. [63] found that larger target sizes consistently
improved selection accuracy, even in cases of target overlap. Their
study was in the context of exploring �ve gaze-supported selection
techniques using di�erent target sizes and target distances on large
public displays.

Other works attempted to identify speci�c recommended sizes,
but limitations in their study designs leave the results inconclu-
sive. For example, the study by Niu et al. [48] determined that a
target size of 256 x 256 pixels, the largest in their experiment, sig-
ni�cantly improves task accuracy and reduces errors compared
to smaller sizes. However, since no larger targets were included
in the study, it remains unclear whether this size is truly optimal
or if the results simply re�ect the principle of "the larger, the bet-
ter". Penkar et al. [49] conducted two experiments to evaluate the
e�ects of dwell time, button size, and content placement on gaze
interaction accuracy, concluding that large button sizes (e.g., 150
pixels/8 cm in diameter) and short dwell times are most e�ective,
as such parameters minimise the Midas Touch problem and help
users maintain their gaze more easily on the target. Similar to the
previous study, the recommended diameter was the largest in the
experiment, making it unclear if this is an optimal size or if more
e�ective sizes could have been found had even larger targets been
considered.

In a more structured approach, Feit et al. [22] provided a formal
method to determining target sizes for gaze-enabled applications
based on tracking accuracy and precision. They recommend that, for
robust interaction where at least 95% of gaze points fall within the
target area, the target size should be at least 3.28 x 3.78 cm without
�ltering and 1.9 x 2.35 cm with optimal �ltering, accounting for
variations in user tracking quality and screen regions.

Given that the mobile setting is di�erent from other setups where
the recommendation for target sizes was based on evaluations on
desktops at �xed distances between the users and the screens, this
reduces the applicability of transferring �ndings [33]. The user
holds their mobile devices at varying distances when interacting
with mobile devices [12, 27, 34], and such a factor directly impacts
how the user perceives the targets in visual angles, a�ecting the
accuracy of tracking and the overall usability of the interaction.

2.4 Summary of Research Gap and Our
Contribution

As seen from the literature, several factors in�uence gaze tracking
accuracy from the gaze estimation side, the user side, and also
from the user interface perspective. Surprisingly, very limited to no
work addresses factors in�uencing gaze tracking on mobile devices
and all of its a�ecting factors. In this work, we investigate factors

a�ecting gaze-based selection on mobile devices namely: target
size, target screen region, and user-to-screen distance. Toward this
end, we aim to answer the following research question: RQ: What
is the interplay between target size, user-to-screen distance, and
target region on the tracking accuracy on mobile devices?

3 STUDY DESIGN AND DATA COLLECTION
To study the implications of target sizes, screen regions, and view-
ing distances on the tracking accuracy and precision of eye gaze
interactions, we collect eye tracking data in a controlled setup to
explore how these variations impact user interaction.

3.1 Design
To answer our research question, we created a within-subject design
with three independent variables: 1) Target Size: We accounted
for varying screen sizes by using consistent visual angle measure-
ments for the target sizes, speci�cally 2°, 3°, 4°, and 5° in both width
and height. Such measurements allowed for a maximum of three
targets to �t vertically on the screen when using 5°, 2) Viewing
distance: Given the unstable nature of using a mobile phone, we
chose distance ranges rather than �xed distances. We considered
�ve di�erent ranges between the smartphone and the viewer. These
distances were chosen based on the typical comfort range for mo-
bile use [27], with the extremes representing very close distances to
simulate slouching and the furthest distances to simulate taking self-
ies. Our choice distances are 25-29cm, 30-34cm, 35-39cm, 40-44cm,
and 45-49cm. 3) Target Region: We also evaluated the tracking
accuracy at three di�erent regions on the phone’s screen: Top (near-
est to the tracking camera), Middle, and Bottom (farthest from the
tracking camera) regions. Each of the three screen regions contains
a single centered target, with all three targets always visible. The
target to be gazed at is highlighted in a di�erent colour.

3.2 Study Software Implementation
We developed an iOS application and ran it on an iPhone X with a
5.8-inch display. The phone features a 7 MP front camera with an
f/2.2 aperture and a 32mm standard focal length. The application
utilised the ARKit APIs in iOS to determine the distance between
the camera and the participant’s face. The size of the targets in
centimetres for each level of Target Size in visual angle was calcu-
lated considering the median viewing distances within the speci�ed
ranges of distances outlined in Section 3.1, using the following de-
rived formula [16, 21]:

)0A64C(8I4 = 2 · Distance · tan
✓
VisualAngle

2

◆
(1)

To enable tracking on the phone using the front-facing camera,
we used Eyedid, the commercially available tracking library1, at
30 frames per second. The Eyedid library provides real-time gaze
data recorded as x and y coordinates on the screen, with a reported
average accuracy of 1.6º.

3.3 Setup and Apparatus
Our controlled experiment was conducted in a quiet room on the
university campus without windows. Participants were seated on
1Eyedid: https://sdk.eyedid.ai
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a chair at a marked spot on the �oor, maintaining a straight pos-
ture with their backs rested. To simulate natural interactions with
mobile devices and to collect accurate gaze data without the noise
associated with holding the phone, the mobile device used in the ex-
periment was mounted on a stand with a �xed angle at 60° as done
in prior work [27]. The angle was measured using a protractor and
Core Motion, an Apple framework with the CMMotionManager
class provided to obtain the device motion data, including pitch,
roll, and yaw. To control the position of the participants relative
to the device, using a visual guide on the display, the stand posi-
tion and its height were adjusted to ensure the participant’s face
was visible and centred on the screen while achieving the required
face-to-screen distance.

For each level of Target Size in visual angle to be maintained
and perceived at the intended level at speci�c viewing dis-
tances, we adjusted the phone’s position and recomputed the
e�ective on-screen target size, resulting in targets being larger
at further distances and smaller at closer distances.

3.4 Participants and Recruitment
Through mailing lists, social media, and word of mouth, we re-
cruited Twenty-four participants (11 female, 13 male) aged 22 to 44
(" = 29.71, (⇡ = 5.68). We collected participants’ heights to adjust
the phone stand accordingly, our participants’ heights ranged from
1532< to 1902<, with an average of 167.352< ((⇡ = 9.792<). Out
of the 24 participants, 18 reported using vision correction. Among
them, two had undergone vision correction surgery, and another
two reported using contact lenses. Eight participants wore glasses
during the experiment. Eight participants reported su�ering from
nearsightedness, two were farsighted, one reported astigmatism,
and another reported myelitis. Most of the participants reported
little experience with eye tracking ("43 = 1.5,&1 = 0,&3 = 4)
when responding to a question to rate their experience with eye
tracking: “0: no experience—5: very experienced”. Those with expe-
rience mainly reported using eye tracking in their research with
wearable or remote eye trackers, while others had participated in
di�erent eye-tracking experiments. Each participant was compen-
sated with a £10 gift voucher for participating. The study received
approval from our institute’s ethics committee (Approval Number:
300230133).

3.5 Data Collection
Gaze data, recorded as (x,y) coordinates, were captured using Eye-
did’s API (see Section 3.2). Following practice from prior work, the
gaze data were collected for each target during a 1-second window
(30 frames) [22], beginning when a participant’s gaze entered the
target area. A random number was displayed in the center of the tar-
get toward the end of the 1B interval. Participants were required to
enter the number into a prompted text �eld to con�rm their contin-
ued focus on the target. This approach ensured participant’s active
engagement and maintained their attention throughout the collec-
tion process. For each condition, we collected gaze data from three
di�erent regions of the screen—top, middle, and bottom—when the

Offset x

Offset y

Figure 2: The o�set error is computed between the mean
of the estimated gaze points and the target area boundary
separately for the x and y coordinates. The plot illustrates an
example of how the o�set error is calculated. This is opposed
to tracking accuracy, which refers to the percentage of gaze
points within the target area, and precision, which quanti�es
the variability of collected gaze data during �xation (See
Section 3.7 for measures). The data is from a participant with
a Target Size of 2° at a Viewing Distance of [25-29] cm.

phone was held in portrait orientation. In each trial, the targets
were centred within the speci�ed region.

3.6 Task and Procedure
The study started with a consent form and a demographic question-
naire, followed by the tasks. The participant’s task was to look at
circular targets placed on the screen for 1 second each (see Section
3.5). Participants underwent �ve blocks, each corresponding to a
di�erent viewing distance.

Before each block, we calibrated the phone’s front-facing cam-
era with a 5-point calibration method provided by the eye tracking
library. In each block, participant had to complete one trial for
each combination of target size and regions on the screen. Blocks
and trials were counterbalanced using Latin square. Before each
trial, an instruction screen was displayed, showing the size of the
target participants had to �xate on, the target region, and the re-
quired screen distance, allowing participants to adjust the camera
position accordingly, assisted by the experimenter. In each trial,
three targets appeared at the three di�erent regions on the screen,
with the target to be gazed at highlighted with a di�erent back-
ground colour. Once the participant gazed inside the highlighted
target and the data collection began, the number appeared after 1B
(see Section 3.5). Upon the time window completion, if the partici-
pant entered the correct number in the prompted text �eld after, the
trial ended, and the participant waited for the instruction screen
for the subsequent trial to appear. The trial was restarted if the par-
ticipant did not enter the correct number. We also ended the trial
if the participant failed to gaze at the highlighted target after 20B
to ensure that the experiment ended at a reasonable duration [47].
After each trial, in the app, we asked the participant to indicate
on a 5-point Likert scale how much they agree with the statement
"I found �xating on the target is tiring to the eyes". Each participant
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Table 1: Average accuracy for levels of Viewing Distance, Target Size, and Target Region. Overall is the mean accuracy based
on the Target Size at each Viewing Distance. The higher the accuracy, the better. Targets of sizes 4° and 5° achieve an overall
tracking accuracy of about 70% or higher as highlighted in dark turquoise. Standard deviations are in parentheses.

Target size [°] Region Viewing Distance [cm]

[25-29] [30-34] [35-39] [40-44] [45-49]

2

Top

37.4% (40.2) 44.6% (40.5) 51.1% (37.6) 69.6% (33.8) 71.8% (36.7)
3 53.1% (37.9) 66.9% (39.4) 62.5% (37.0) 66.5% (37.8) 78.5% (25.4)
4 70.3% (33.4) 70.1% (33.8) 69.0% (38.4) 79.6% (31.7) 87.8% (25.1)
5 86.4% (25.3) 88.3% (23.4) 82.1% (28.7) 86.5% (25.4) 91.2% (22.4)

2

Middle

32.8% (26.4) 44.6% (35.6) 53.8% (39.5) 65.6% (38.1) 59.7% (33.6)
3 52.8% (40.0) 61.9% (38.6) 64.4% (34.9) 86.2% (24.4) 77.1% (30.0)
4 71.1% (32.2) 75.7% (31.3) 83.3% (29.3) 96.7% (6.59) 91.1% (21.8)
5 72.1% (33.7) 89.7% (22.4) 93.2% (18.1) 91.1% (24.3) 95.4% (11.2)

2

Bottom

33.5% (33.0) 58.5% (39.6) 55.1% (40.8) 57.9% (38.2) 54.3% (37.0)
3 49.0% (45.1) 65.1% (33.9) 75.0% (30.3) 77.9% (30.3) 70% (30.5)
4 70.6% (38.6) 67.4% (33.4) 83.1% (30.2) 77.4% (35.0) 74.0% (36.6)
5 75.1% (33.0) 77.4% (35.3) 84.9% (25.6) 91.0% (17.0) 85.0% (25.0)

2

Overall

34.5% (33.3) 49.2% (38.7) 53.3% (38.8) 64.4% (36.6) 61.9% (36)
3 51.6% (40.6) 64.7% (36.9) 67.3% (34.1) 76.9% (31.9) 75.2% (28.5)
4 70.6% (34.3) 71.1% (32.6) 78.5% (33.1) 84.5% (28.5) 84.3% (29.1)
5 77.9% (31.1) 85.1% (27.8) 86.7% (24.6) 89.5% (22.3) 90.6% (20.6)

completed 4 Target Sizes x 5 Viewing Distances x 3 Target Regions =
60 trials.

3.7 Measures
To analyse our collected data, we set out several dependent vari-
ables as measures. The �rst dependent variable, tracking accuracy,
is calculated as the percentage of gaze points within the target
area when a participant �xates on the highlighted target. This is
determined by dividing the number of gaze points inside the region
by the total number collected over the 1B period. The second depen-
dent variable, precision, quanti�es the variability of recorded gaze
points during �xation by calculating their standard deviation within
the 1B period as done in prior work [22]. We also computed the
o�set error between the mean of the estimated gaze points and the
boundary of the target area separately for the x and y coordinates.
The error value is calculated by subtracting the target’s radius from
the mean of the estimated gaze points along the corresponding axis
(see Figure 2).

3.8 Limitation
For this experiment, to enable eye tracking on mobile phones, we
used a commercially available eye-tracking library that uses the
front-facing cameras of the mobile device; hence, all reported ac-
curacy and precision are based on the accuracy of the library, its
calibration method, and the mobile device used for the experiment,
including the recommendation for target sizes in Table 3. How-
ever, we expect that the relative di�erences are likely to stay the
same when using di�erent phones/tracking software, as prior work
suggested that tracking is a�ected by individuals more than by
eye-tracking equipment [22].

Given the limited horizontal screen real estate available on the
device, we positioned the targets at the centre of the screen. This

allowed us to examine tracking accuracy across three regions, pri-
marily varying in the vertical direction, as larger targets were chal-
lenging to �t horizontally in a single row.

4 RESULTS
Our collected dataset consisted of 1440 �xations collected from 24
participants. Fixations refer to where the participants are gazing
and looking at a target, and data are collected.We used no algorithm
to extract �xations but rather guided participants to gaze at the
highlighted target when starting the task for the gaze raw data
collection to start. For statistical tests, we used two-way repeated
measures ANOVA tests. For Likert scale responses, we used Aligned
Rank Transform (ART), a nonparametric equivalent to the factorial
ANOVA [67] to transform the data and allow for the analysis of
multiple factors. We used Greenhouse-Geisser correction in cases
where Mauchly’s test indicated a violation of sphericity. To account
for multiple comparisons, we corrected P-values for posthoc tests
using Bonferroni correction. In scenarios where the participants
failed to gaze at the target within 20B as done in prior work [47],
and a timeout occurred, we recorded the accuracy as 0%.

4.1 Tracking Accuracy
Table 1 shows an overview of the average accuracy results for all
screen regions, target size in visual angles, and viewing distance in
cm. As expected, the tracking accuracy increases with the target
size. Interestingly, it reduces with the closer distance, which is unex-
pected. This might be because the target sizes are determined by the
visual angle. When maintaining the same visual angle but adjusting
the phone’s position based on viewing distance, the computed on-
screen targets are larger at further distances and smaller at closer
distances (see Section 4.4). As highlighted in dark turquoise, the
table also shows that target sizes of 4° and 5° maintain an overall
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Table 2: Signi�cant di�erences in accuracy across various target sizes in each level of Viewing Distance. Signi�cant pairs (*)
are shown for horizontal-vertical directions, horizontal direction, and vertical direction, with mean accuracy and standard
deviations reported in brackets. P-values are colour-coded to indicate signi�cance levels, with the lightest shade representing
? < 0.05 and progressively darker shades for smaller values, speci�cally ? < 0.01, ? < 0.005, ? < 0.001, ? < 0.0005, and the darkest
shade for ? < 0.0001.

Horizontal-Vertical Direction Horizontal Direction Vertical Direction
Viewing Distance Target Size [°] Target Size [°] Target Size [°]

[25-29]

2 (34.5%, 33.3) 3 (51.6%, 40.6) * 2 (63.9%, 40.4) 3 (83.6%, 30.8) * 2 (46.0%, 35.7) 3 (56.2%, 39.6)
2 (34.5%, 33.3) 4 (70.6%, 34.3) * 2 (63.9%, 40.4) 4 (95.2%, 17.1) * 2 (46.0%, 35.7) 4 (73.9%, 34.3) *
2 (34.5%, 33.3) 5 (77.9%, 31.1) * 2 (63.9%, 40.4) 5 (96.2%, 16.7) * 2 (46.0%, 35.7) 5 (79.8%, 30.1) *
3 (51.6%, 40.6) 4 (70.6%, 34.3) * 3 (83.6%, 30.8) 4 (95.2%, 17.1) 3 (56.2%, 39.6) 4 (73.9%, 34.3)
3 (51.6%, 40.6) 5 (77.9%, 31.1) * 3 (83.6%, 30.8) 5 (96.2%, 16.7) 3 (56.2%, 39.6) 5 (79.8%, 30.1) *
4 (70.6%, 34.3) 5 (77.9%, 31.1) 4 (95.2%, 17.1) 5 (96.2%, 16.7) 4 (73.9%, 34.3) 5 (79.8%, 30.1)

[30-34]

2 (49.2%, 38.7) 3 (64.7%, 36.9) * 2 (83.6%, 31.7) 3 (94.8%, 18.3) * 2 (50.9%, 39.0) 3 (65.7%, 36.2) *
2 (49.2%, 38.7) 4 (71.1%, 32.6) * 2 (83.6%, 31.7) 4 (99.6%, 3.54) * 2 (50.9%, 39.0) 4 (71.5%, 32.0) *
2 (49.2%, 38.7) 5 (85.1%, 27.8) * 2 (83.6%, 31.7) 5 (99.7%, 2.36) * 2 (50.9%, 39.0) 5 (85.1%, 27.8) *
3 (64.7%, 36.9) 4 (71.1%, 32.6) 3 (94.8%, 18.3) 4 (99.6%, 3.54) 3 (65.7%, 36.2) 4 (71.5%, 32.0)
3 (64.7%, 36.9) 5 (85.1%, 27.8) * 3 (94.8%, 18.3) 5 (99.7%, 2.36) 3 (65.7%, 36.2) 5 (85.1%, 27.8) *
4 (71.1%, 32.6) 5 (85.1%, 27.8) * 4 (99.6%, 3.54) 5 (99.7%, 2.36) 4 (71.5%, 32.0) 5 (85.1%, 27.8) *

[35-39]

2 (53.3%, 38.8) 3 (67.3%, 34.1) 2 (82.0%, 33.2) 3 (94.2%, 20.0) 2 (63.2%, 37.5) 3 (68.2%, 34.3)
2 (53.3%, 38.8) 4 (78.5%, 33.1) * 2 (82.0%, 33.2) 4 (96.6%, 15.1) * 2 (63.2%, 37.5) 4 (79.8%, 31.3)
2 (53.3%, 38.8) 5 (86.7%, 24.6) * 2 (82.0%, 33.2) 5 (97.7%, 13.2) * 2 (63.2%, 37.5) 5 (86.9%, 24.5) *
3 (67.3%, 34.1) 4 (78.5%, 33.1) 3 (94.2%, 20.0) 4 (96.6%, 15.1) 3 (68.2%, 34.3) 4 (79.8%, 31.3)
3 (67.3%, 34.1) 5 (86.7%, 24.6) * 3 (94.2%, 20.0) 5 (97.7%, 13.2) 3 (68.2%, 34.3) 5 (86.9%, 24.5) *
4 (78.5%, 33.1) 5 (86.7%, 24.6) 4 (96.6%, 15.1) 5 (97.7%, 13.2) 4 (79.8%, 31.3) 5 (86.9%, 24.5)

[40-44]

2 (64.4%, 36.6) 3 (76.9%, 31.9) 2 (91.6%, 22.0) 3 (95.8%, 17.4) 2 (68.3%, 35.3) 3 (79.1%, 30.8)
2 (64.4%, 36.6) 4 (84.5%, 28.5) * 2 (91.6%, 22.0) 4 (97.5%, 13.7) 2 (68.3%, 35.3) 4 (84.8%, 28.0) *
2 (64.4%, 36.6) 5 (89.5%, 22.3) * 2 (91.6%, 22.0) 5 (99.7%, 1.45) 2 (68.3%, 35.3) 5 (89.8%, 22.2) *
3 (76.9%, 31.9) 4 (84.5%, 28.5) 3 (95.8%, 17.4) 4 (97.5%, 13.7) 3 (79.1%, 30.8) 4 (84.8%, 28.0)
3 (76.9%, 31.9) 5 (89.5%, 22.3) * 3 (95.8%, 17.4) 5 (99.7%, 1.45) 3 (79.1%, 30.8) 5 (89.8%, 22.2)
4 (84.5%, 28.5) 5 (89.5%, 22.3) 4 (97.5%, 13.7) 5 (99.7%, 1.45) 4 (84.8%, 28.0) 5 (89.8%, 22.2)

[45-49]

2 (61.9%, 36.0) 3 (75.2%, 28.5) 2 (88.7%, 27.2) 3 (95.4%, 15.5) 2 (66.1%, 35.7) 3 (76.7%, 28.5)
2 (61.9%, 36.0) 4 (84.3%, 29.1) * 2 (88.7%, 27.2) 4 (96.4%, 17.1) 2 (66.1%, 35.7) 4 (86.5%, 27.0) *
2 (61.9%, 36.0) 5 (90.6%, 20.6) * 2 (88.7%, 27.2) 5 (100.0%, 0.0) * 2 (66.1%, 35.7) 5 (90.6%, 20.6) *
3 (75.2%, 28.5) 4 (84.3%, 29.1) 3 (95.4%, 15.5) 4 (96.4%, 17.1) 3 (76.7%, 28.5) 4 (86.5%, 27.0)
3 (75.2%, 28.5) 5 (90.6%, 20.6) * 3 (95.4%, 15.5) 5 (100.0%, 0.0) 3 (76.7%, 28.5) 5 (90.6%, 20.6) *
4 (84.3%, 29.1) 5 (90.6%, 20.6) 4 (96.4%, 17.1) 5 (100.0%, 0.0) 4 (86.5%, 27.0) 5 (90.6%, 20.6)

tracking accuracy of at least 70%. The same accuracy is maintained
across the vast majority of viewing distances, except for a drop to
69% at [35-39] cm and 67.4% at [30-34] cm for targets of size 4°.

4.1.1 Accuracy per Viewing Distance. For the accuracy based on
viewing distance, Table 2 shows the statistical test results. At the
Viewing Distance of [25�29] cm, there was a signi�cant main e�ect
of Target Size on the accuracy, F2.54, 58.49=27.37, ? < .001. Overall,
targets of size 2° (" = 34.5%, (⇡ = 33.3) were signi�cantly less
accurate compared to all other sizes of 3°(" = 51.6%, (⇡ = 40.6, ? <
.05), 4° (" = 70.6%, (⇡ = 34.3, ? < .0001), and 5°(" = 77.9%, (⇡ =
31.1, ? < .0001). Similarly, targets of size 3° were signi�cantly less
accurate compared to targets of sizes 4° (? < .05) and 5°(? < .005).

At the Viewing Distance of [30�34], there was a signi�cant main
e�ect of Target Size on the accuracy, F2.69, 61.76=22.72, ? < .001.
Overall, targets of size 5° (" = 85.1%, (⇡ = 27.8) were signi�cantly
more accurate compared to all other sizes of 2°(" = 49.2%, (⇡ =
38.7, ? < .0001), 3° (" = 64.7%, (⇡ = 36.9, ? < .0.001), and 4°(" =
71.1%, (⇡ = 32.6, ? < .01). Targets of size 2° were also signi�cantly
less accurate than targets of sizes 3° and 4°(? < .0.01).

At the Viewing Distances of [35 � 39], [40 � 44],0=3 [45 � 49],
there was a signi�cant main e�ect of Target Size on the tracking
accuracy, (F2.36, 54.20=13.76, ? < .001, F2.54, 58.33=13.66, ? < .001,
F2.21, 50.81=17.45, ? < .001, respectively). Post hoc analysis revealed
di�erences between multiple pairs, shown in Table 2.

While we found no signi�cant main e�ect of Target Region nor an
interaction e�ect between Target Size and Target Region at almost
all levels of Viewing Distances (? > .05), there was a signi�cant
main e�ect Target Region on the tracking accuracy at the Viewing
Distance of [45 � 49], F1.97, 45.32=3.86, ? < .05. However, post hoc
analysis did not reveal signi�cant di�erences between pairs.

Overall, we found that across all distances, targets of size 4° and
5° are signi�cantly more accurate compared to targets of size 2° (see
Table 2). Regardless of the regions, both sizes consistently maintain
tracking accuracy above 70% across all Viewing Distances. When
the distance exceeds 402<, targets of size 3° also achieve tracking
accuracy above 70%. This suggests that reducing the visual angle
at greater distances could help maintain tracking accuracy while
conserving screen space, making room for additional targets.
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Figure 3: Accuracy based on target �xation in the di�erent viewing distances regardless of the target regions. A paired sample
t-test revealed signi�cant di�erences between the horizontal and vertical directions on the accuracy of the collected gaze
data. This demonstrates that accuracy is signi�cantly higher along the horizontal (x-axis) than the vertical (y-axis). Error bars
represent standard error.

Observation 1: Targets of sizes 4° and 5°maintain tracking ac-
curacy above 70% across all viewing distances in the horizontal-
vertical direction.

4.1.2 Accuracy for Horizontal and Vertical Directions. Figure 3 illus-
trates the variation in accuracy between the horizontal and vertical
direction based on the collected gaze data. A paired sample t-test
showed that, on average, accuracy is worse in the vertical direction
compared to the horizontal direction t(1439)= 21.626, ? < .0001.

In the horizontal direction, the Target Size had a signi�cant main
e�ect on accuracy at most levels of Viewing Distance. Speci�cally,
at Viewing Distance of [25� 29] cm, the e�ect was F1.75, 40.15=19.50,
? < .001; at Viewing Distance of [30-34] cm, it was F1.41, 32.40=11.69,
? < .001; at Viewing Distance of [35-39]cm, it was F1.41, 32.41= 6.84,
? < .01; and at Viewing Distance of [45-49]cm, it was F2.25, 51.75=
5.85, ? < .01. While Target Region had a signi�cant main e�ect on
accuracy at Viewing Distance of [25-29]cm and [40-44] cm, with
F1.97, 45.20=3.79, ? < .05, and F1.83, 42.10=3.75, ? < .05 respectively,
post hoc analysis did not reveal signi�cant di�erences between
pairs, suggesting that placing targets at the top, middle, or bottom
regions did not signi�cantly a�ect the accuracy in the horizontal
direction. There was no signi�cant interaction between Target Size
and Target Region at each level of Viewing Distance. As the Viewing
Distances ranges between 25 and 34 cm, pairwise comparison be-
tween all levels of Target Sizes revealed that targets of size 2° were
signi�cantly less accurate compared to targets of all other sizes
3°, 4°, and 5°. Mean values are shown in Table 2. As the Viewing
Distance increase, ranging between 35 and 49 cm, the notable sig-
ni�cant di�erences were observed between targets of size 2° (" =
82.0%, (⇡ = 33.2) and both 4° (" = 96.6%, (⇡ = 15.1, ? < .05) and 5°
(" = 97.7%, (⇡ = 13.2, ? < .05) at the Viewing Distance of [35-39]
cm, and only between targets of size 2° (" = 88.7%, (⇡ = 27.2) and
5° (" = 100%, (⇡ = 0, ? < .01) at the Viewing Distance of [45-49] cm.
Overall, while targets of size 4° and 5° achieve a tracking accuracy
above 95% in the horizontal direction across all distances, with sig-
ni�cantly improved accuracy compared to targets of size 2° at closer
viewing distances, targets of size 3° maintain comparable tracking
quality as the distance increases (> 302<), with signi�cantly better
tracking quality (> 80%) than targets of size 2° at closer distances.
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Figure 4: Left: Precision (Standard deviation) of overall target
�xation. Right: Precision of target �xation at each viewing
distance level. Lower values indicate better precision. Sig-
ni�cant di�erences in precision were found between the
horizontal and vertical directions. Horizontal precision con-
sistently outperforms vertical precision across all viewing
distances.

Observation 2: As the distance between the viewers and the
phone increase, targets with smaller visual angles such as 3°
could help maintain good tracking accuracy while conserving
screen space.

In the vertical direction, the statistical analysis showed a signi�-
cant main e�ect of Target Size at all levels of Viewing Distance. At
Viewing Distance of [25 � 29] cm, the e�ect was F2.65, 60.89= 16.18,
? < .001. At Viewing Distance of [30 � 34] cm, F2.72, 62.51= 20.99,
? < .001. At Viewing Distance of [35 � 39] cm, F2.35, 54.07= 8.68,
? < .001. At Viewing Distance of [40 � 44] cm, F2.64, 60.72= 11.46,
? < .001. At Viewing Distance of [45 � 49] cm, F2.25, 51.75= 5.85,
? < .01. There was no signi�cant main e�ect of Target Region, nor
was there an interaction between Target Size and Target Region.
Post hoc analysis revealed signi�cant di�erences between multiple
pairs (see Table 2). Overall, targets of sizes 2° and 3° resulted in
signi�cantly less accurate collected gaze data compared to targets
of size 5° at most levels of Viewing distance. Mean values are shown
in Table 2. The results also show that targets of size 4° and 5° achieve
a minimum vertical tracking accuracy above 70% at all distances.
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Figure 5: Mean o�set errors for each viewing distance level, target size, and region with error bars representing the standard
deviation. The plot only includes errors where the mean estimated gaze points fall outside the target area, indicating an o�set
error. Errors were generally higher in the vertical direction compared to the horizontal direction.

Observation 3: Tracking accuracy is signi�cantly worse in
the vertical direction compared to the horizontal one.

4.2 Tracking Precision
We conducted a Wilcoxon signed-rank test to evaluate the di�er-
ence between the horizontal and vertical directions on the collected
data’s precision (Standard deviation). The results indicated a sta-
tistically signi�cant di�erence in the precision between the two
directions (+ = 50, 511, ? < .0005). This suggests that the preci-
sion of the collected gaze data was worse in the vertical direction
("43 = .484�,&1 = .293�,&3 = .792�) compared to the horizontal
direction ("43 = .173�,&1 = .104�,&3 = .271�) (see Figure 4).

Observation 4: In the horizontal direction, targets of size
3° maintain tracking accuracy above 80% across all viewing
distances.

4.3 Tracking O�set Error
Figure 5 shows the o�set error for each target size and region at
each level of viewing distance in both the horizontal and vertical
directions. Errors were generally higher in the vertical direction
(" = 1.07�, (⇡ = 1.24) compared to the horizontal direction (" =
0.561�, (⇡ = 0.793). In the vertical direction, the target located at
the bottom region of the screen resulted in higher errors (" =
1.44�, (⇡ = 1.51) compared to targets located at the top (" =
0.865�, (⇡ = 0.955) and middle regions (" = 0.832�, (⇡ = 1.03).
Figure 6 visualises how the error increase in the vertical direction
and how targets located in the top and bottom regions of the phone
screen caused a greater o�set towards the center, suggesting a

tendency for participants’ gaze to drift towards the center when
aiming at these edge targets.

Observation 5: Precision of the collected gaze data was worse
in the vertical direction compared to the horizontal one. Simi-
larly, the o�set errors were higher in the vertical direction.

4.4 E�ect of Viewing Distance on Tracking
Accuracy

Results from Table 1 show that tracking accuracy decreases as the
distance decreases. To explore whether such results are impacted
by an intermediate variable, which is the computed target size that
is calculated based on the formula that takes into account the target
size in visual angle and the viewing distance (see Formula 1), we
conducted a causal mediation analysis [29] to examine whether
the e�ect of Viewing Distance on the tracking accuracy is medi-
ated by the computed target sizes (the intermediate variable). This
analysis helps to understand the underlying mechanism by which
Viewing Distance in�uenced the tracking accuracy. We employed
a quasi-Bayesian approach to estimate the intermediate variable
e�ect, using nonparametric bootstrap con�dence intervals with
the percentile method [54]. The analysis revealed that the Average
Causal Mediation E�ect (ACME) was signi�cant, with an estimate
of 0.9738 (95%⇠� [0.8245, 1.12], ? < .0005), indicating that the com-
puted target sizes signi�cantly played as an intermediate variable
in the relationship between the Viewing Distance and tracking accu-
racy. The Average Direct E�ect (ADE) was not signi�cant, with an
estimate of 0.0255 (95%⇠� [�0.2628, 0.30], ? = 0.86), suggesting that
the direct e�ect of Viewing Distance on the tracking accuracy is
negligible when controlling for the intermediate variable. The Total
E�ect of Viewing Distance on the tracking accuracy was signi�cant
(⇢BC8<0C4 = 0.9993, 95%⇠� [0.7231, 1.24], ? < .0005). These �ndings
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[25-29] cm [30-34] cm [35-39] cm [40-44] cm [45-49] cm
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Figure 6: O�set error across various target sizes for all viewing distances. Errors are displayed in di�erent colours depending
on whether the error is only in horizontal, vertical, or both directions. Each target size is depicted by a unique colour gradient
ranging from black to white. Each screen displays the o�set across three distinct regions: top, middle, and bottom. Covariance
ellipses depict the contours of the 2D Gaussian, �tted to the gaze points associated with all �xations on the same target. The
�gures show that errors were generally higher in the vertical direction compared to the horizontal direction.

suggest that the majority of the e�ect of the Viewing Distance on the
accuracy is coming through the computed target sizes, highlighting
their signi�cant impacts on the results.

Observation 6: Targets located at top and bottom regions
of the phone resulted in an increased vertical o�set error,
suggesting a tendency to drift toward the centre of the screen.

4.5 Impact of Target Size and Target Tracking
Area on Tracking Accuracy

To study the e�ect of target size and target tracking area on track-
ing accuracy, we tested the impact of expanding the tracking areas,
namely 1) uniform expansion, 2) horizontal expansion, and 3) ver-
tical expansion, and compared it to targets with equal visual and
tracking areas. We excluded the target with 5° due to screen size.

Observation 7: The on-screen target dimensions, computed
in units such as centimetres, a�ect tracking accuracy when
adjusted to preserve the same visual angle relative to di�erent
viewing distances.

4.5.1 Uniform Tracking Area Expansion. We consistently adjusted
the target dimensions at each viewing distance, applying the same
modi�cations to both width and height to ensure equal expan-
sion in both directions. For visual targets of size 2°x2°, accuracy
generally improved when paired with a tracking area of 3°x3°

(" = 70.6%, (⇡ = 35.4) compared to targets with a visual and
tracking area of 3°x3° (" = 67.1%, (⇡ = 35.6), and for visual tar-
gets of size 2°x2° with tracking area of 4°x4° (" = 80.5%, (⇡ =
32.2) compared to targets with a visual and tracking area of 4°x4°
(" = 77.8%, (⇡ = 32.0). Similarly, targets with a visual size of 3°x3°
combined with tracking area of 4°x4° (" = 80.6%, (⇡ = 29.8) or
5°x5° (" = 86.9%, (⇡ = 25.6) exhibited increased tracking accuracy
compared to a target with both visual and tracking area of 4°x4°
(" = 77.8%, (⇡ = 32.0) or 5°x5° (" = 86.0%, (⇡ = 25.8) respectively.
However, visual targets of size 4°x4° with a tracking area of 5°x5°
(" = 85.8%, (⇡ = 26.6) did not exhibit an increase in accuracy
compared to targets with a visual and tracking area of 5°x5°.

For targets with visuals of 2°x2° and 3°x3°, with tracking areas
of 3°x3°, repeated measure ANOVA test did not reveal a signi�cant
main e�ect of Target Size, F1, 23=3.29, ? > .05, nor there was an
interaction e�ect. Similarly, the test did not reveal a signi�cant main
e�ect of target size on the tracking accuracy, for targets with visuals
2°x2°, 3°x3°, and 4°x4° with tracking areas of 4°x4°, F1.93, 44.44=1.18,
? > .05, nor there were signi�cant di�erences among targets with
visual sizes of 2°x2°, 3°x3°, 4°x4°, and 5°x5° with tracking areas of
5°x5°, as the test did not reveal signi�cant main e�ect of target
size, F2.74, 62.92=0.24, ? > .05. Overall, while not signi�cant, smaller
visual targets bene�t from increasing the tracking areas compared
to bigger targets with uniform visual and tracking areas.

4.5.2 Horizontal Tracking Area Expansion. We explored the impact
of expanding the width of the tracking area on the tracking ac-
curacy in the horizontal direction for each target size used in the
experiment. The tracking area widths were determined based on
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Figure 7: Mean tracking accuracy in the vertical direction for
di�erent visual targets compared to the same targets when
their tracking area is expanded vertically. For each target
size, signi�cant di�erences were found between all pairs,
suggesting that the vertical direction is highly impacted by
expanding the tracking area in the vertical direction. The
error bar represents the standard deviation.

the target sizes used in the experiment. We only adjusted the width
when necessary, ensuring that the width remained greater or equal
to the height. For each level of Target Size, we performed repeated
measures ANOVA.

Observation 8: Expanding the tracking area can improve
accuracy, with the e�ect beingmore pronounced in the vertical
direction than in the horizontal direction.

For targets of visual width 2°, there was a signi�cant interaction
e�ect between Viewing Distance and Target Width on the accu-
racy, F3.32, 76.27=3.48, ? < .05. The pairwise comparison revealed
signi�cantly reduced accuracy with targets of tracking width 2°
(" = 63.9%, (⇡ = 40.4) compared to tracking width 3° (" =
78.8%, (⇡ = 36.4, ? < .05), 4° (" = 83.4%, (⇡ = 35.5, ? < .01),
and 5° (" = 85.3%, (⇡ = 34.9, ? < .01) when viewed at a distance of
[25-29] cm. No signi�cant di�erences were found at other distances.

While we found a signi�cant interaction between Viewing Dis-
tance and Target Width on the accuracy, F2.96, 68.04=2.87, ? < .05, for
targets of visual width 3°, post hoc analysis did not reveal signi�cant
di�erences between pairs.

For targets of visual width 4°, there was a signi�cant main ef-
fect of Target Width on the tracking accuracy, F1, 23=9.75, ? < .01.
Targets of tracking width 4° (" = 97.0%, (⇡ = 14.2) performed
signi�cantly lower (? < .01) compared to targets with tracking
width 5° (" = 98.3%, (⇡ = 11.3).

Our �ndings show that increasing the width of the tracking area
signi�cantly enhances the horizontal tracking accuracy for targets
of 2° at the closest distance, e.g. [25-29], and also for relatively larger
targets, e.g. 4°, regardless of the distance.

4.5.3 Vertical Tracking Area Expansion. Similar to studying the
e�ect of changing the tracking area width, we also experimented
with changing its height. This was inspired by our results from
sections 4.1, 4.2, and 4.3, which showed that the gaze data from the
vertical direction impacted the tracking accuracy. The heights were
determined based on the target sizes used in the experiment. We
only adjusted the height when necessary, ensuring that the height
remained greater or equal to the width. We excluded targets of 5°
size when increasing the targets’ heights, as this adjustment caused

the tracking area to exceed the screen size. For each level of Target
Size, we performed repeated measures ANOVA. Figure 7 shows the
statistically signi�cant pairs.

For targets of visual height 2°, there was a signi�cant main
e�ect of Viewing Distance, F2.98, 68.49=6.40, ? < .001, and Target
Height, F1.64, 37.6=275.63, ? < .001 on the accuracy of the collected
gaze data in the vertical direction. There was no interaction ef-
fect between all factors. Pairwise comparisons revealed statistically
signi�cant di�erences between all heights, where increasing the
tracking area increased the tracking accuracy. Targets viewed at
viewing distance of [40-44] cm (" = 85.1%, (⇡ = 27) also resulted
in signi�cantly improved accuracy (? < .005) compared to targets
viewed at distances of [25-29] (" = 61.8%, (⇡ = 38.5) and [30-34]
(" = 68.3%, (⇡ = 37.8) cm.

For targets of visual height 3°, there was a signi�cant main e�ect
of Viewing Distance, F2.85, 65.62=6.24, ? < .005, and Target Height,
F1.43, 32.81=197.05, ? < .001 on the accuracy of the collected gaze
data in the vertical direction. Targets at viewing distances of [40-44]
(" = 87.0%, (⇡ = 25.0) and [45-49] cm (" = 86.1%, (⇡ = 23.9) re-
sulted in signi�cantly better tracking accuracy compared to targets
viewed at the viewing distance of [25-29] cm (" = 68.0%, (⇡ =
36.6). For target heights, pairwise comparisons revealed statistically
signi�cant di�erences between all heights (see Figure 7).

For targets of visual height 4°, there was a signi�cant main e�ect
of Target Height, F1, 23=41.37, ? < .001 on the accuracy. pairwise
comparisons revealed statistically signi�cant di�erence (? < .0001)
between targets of tracking height 4° (" = 79.3%, (⇡ = 31.0) and 5°
(" = 86.3%, (⇡ = 26.3).

While the results showed a general increase in the vertical track-
ing accuracy when expanding the vertical tracking area to 4° and
maintaining smaller visual targets in terms of height (see Figure 7),
2° (" = 81.1%, (⇡ = 31.9), 3° (" = 81.5%, (⇡ = 29.0), compared to
4° (" = 79.3%, (⇡ = 31.0), one-way ANOVA results indicated no
signi�cant di�erences between the groups F2, 1077=0.52, ? > .05.

4.6 Subjective Feedback
Participants responded on a Likert scale, where 1 represented “Strongly
disagree” and 5 represented “Strongly agree”, to whether they found
�xating on the target tiring to their eyes. At the Viewing Distance
of [25-29] cm, using ART, the statistical test revealed a signi�-
cant main e�ect of Target Size, F(3)= 4.588, ? < .01, and Tar-
get Region, F(2)= 3.797, ? < .05, on the perceived eye fatigue by
the participants, with no interaction e�ect. Pairwise comparison
showed that participants perceived targets of size 2° as signi�-
cantly more tiring to the eyes ("43 = 2,&1 = 2,&3 = 4) com-
pared to targets of size 4° ("43 = 2,&1 = 1,&3 = 3, ? < .05)
and 5° ("43 = 2,&1 = 1,&3 = 3, ? < .01). Targets located at
the bottom region were also perceived as signi�cantly more tir-
ing ("43 = 2,&1 = 1,&3 = 3.25, ? < .05) compared to targets
placed in the middle region ("43 = 2,&1 = 1,&3 = 3, ? < .05). At
the Viewing Distance of [30-34] cm, only a signi�cant main e�ect
of Target Size was found on the perceived tiredness to the eyes,
F(3)= 6.16, ? < .0005. Pairwise comparison showed that partici-
pants perceived targets of size 2° as signi�cantly more tiring to
their eyes ("43 = 2,&1 = 2,&3 = 3.25) compared targets of size 4°
("43 = 2,&1 = 1,&3 = 3, ? < .01) and 5° ("43 = 2,&1 = 1,&3 =
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Figure 8: Participants’ responses to whether they found �xat-
ing on the targets of various sizes at various viewing distances
tiring to their eyes (1= Strongly disagree; 5= Strongly agree).
The box represents the 25th, 50th, and 75th percentiles. Left:
Responses based on target size. Right: Responses based on
target region. Overall, participants perceived targets of size
2° as more tiring to their eyes than targets of size 4° and 5° at
most viewing distance levels.

3, ? < .001). At the Viewing Distance of [35-39], we found no sig-
ni�cant main e�ect of Target Size, Target Region, no there was an
interaction e�ect between them. While at the Viewing Distance of
[40-44] cm, we found a signi�cant main e�ect for Target Size on
the perceived tiredness to the eyes, F(3)= 3.17, ? < .05, no signi�-
cant di�erences were found between pairs. The statistical test also
revealed signi�cant main e�ect of Target Size, F(3)= 5.66, ? < .001,
and Target Region, F(2)= 6.41, ? < .01, on the perceived eye fatigue
by the participants at the Viewing Distance of [45-49] cm. Pairwise
comparison showed that participants perceived targets of size 2° as
signi�cantly more tiring to the eyes ("43 = 2,&1 = 1,&3 = 3)
during �xation compared to all other sizes of 3° (? < .05), 4°
(? < .01), and 5° (? < .01) ("43 = 2,&1 = 1,&3 = 2). Targets
placed at the middle ("43 = 2,&1 = 1,&3 = 2, ? < .05) and bottom
("43 = 2,&1 = 1,&3 = 3, ? < .01) regions were perceived as signif-
icantly more tiring to the eyes compared to targets placed at top
region ("43 = 2,&1 = 1,&3 = 2).

5 DISCUSSION
We showed how tracking accuracy and precision can vary depend-
ing on the viewing distance and the target size in visual angle and
how tracking in the horizontal direction is more accurate than
tracking in the vertical direction. Our work underscores the impor-
tance of considering the variation in the distance between the user
and the mobile phone when designing the target size, as the visual
angle alone is not enough to determine that. In the following, we
discuss our �ndings, provide recommendations for target size when
designing gaze-enabled interfaces for mobile devices, and discuss
opportunities for future work.

5.1 Increasing Target Height Compensates for
Vertical Tracking Errors on Gaze Interfaces

While the results showed that targets of size 4° serve as an opti-
mal sweet spot across all face-to-screen distances, maintaining a
tracking accuracy of at least 70% with minimal exceptions, targets
of size 3° maintain an accuracy higher than 80% in the horizontal
direction. The results also showed that tracking data in the vertical
direction resulted in lower precision and higher o�set errors than

horizontal data. Based on these �ndings, we suggest that targets’
heights for gaze-enabled interfaces in mobile devices must be large
enough to compensate for such tracking errors. Findings from our
study are consistent with prior work on target size and tracking
accuracy on desktops using dedicated eye trackers [22], which rec-
ommended designing tracking regions with greater height than
width to enhance accuracy. Other studies examining target motion
have found that tracking is more accurate in the horizontal direc-
tion compared to the vertical direction [11, 58]. Vertical saccades
were reported as less accurate compared to horizontal ones [9, 10].
We hypothesise that such variation between horizontal and vertical
directions is due to the horizontal-vertical anisotropy phenomenon
a�ecting human visual perception and cognition, where humans
tend to perceive horizontal and vertical dimensions di�erently [62].
Given that mobile device screens are typically longer vertically
than horizontally, we hypothesise that this factor may exacerbate
the issue, leading to larger Euclidean errors when estimating gaze
position. Future work could investigate the role of mobile device
orientation in portrait versus landscape in minimising the negative
e�ect of the vertical direction on tracking accuracy to enhance the
usability of gaze interaction with mobile devices.

Observation 9: The variation in tracking accuracy, precision,
and o�set errors between the horizontal and vertical directions
may be due to the horizontal-vertical anisotropy phenomenon.
We hypothesise that the greater vertical length of the mobile
screen compared to its horizontal dimension further intensi�es
the issue.

5.2 Expanding Tracking Areas Improves
Accuracy but Requires Overlap Management

The further analysis we conducted to expand the tracking area
showed that expanding the tracking area generally enhances the
tracking accuracy. However, such expansion in the horizontal direc-
tion did not result in a signi�cant positive impact on the accuracy
of tracking at most levels of Target Size. For the vertical direction,
expanding the tracking region signi�cantly improved tracking ac-
curacy in all levels of Target Size. While the results align with prior
work indicating an improved gaze-pointing performance when
expanding the tracking area [41, 66], placing the targets next to
each other may negatively impact the performance as the invisible
tracking area of adjacent targets may overlap. While maintaining
enough room for tracking areas may help reduce the issue’s impact
and utilise such space for non-interactive objects, given the limited
mobile screen’s real estate where spaces need to be utilised, future
work could explore the overlapped tracking areas and �nd ways
to reduce their impact. For example, dynamically adjusting the
tracking area based on how far the targets are from each other or
shrinking the adjacent tracking area based on the user gaze dura-
tion over a target can be a direction. Another direction is to allow
the systems to detect the user’s gaze path and stick to the most
likely target based on how the user behaves during the interaction.
Using machine learning, user intent can be detected alongside the
gaze path to measure which target users are moving their gaze
toward and select them.
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Table 3: Recommended target sizes for gaze-enabled interfaces. Given the distance, we picked the minimum accuracy of the
tracking to be a minimum of 70%. For target size, The �rst four rows display the recommended target size in terms of width and
height in visual angles and their corresponding accuracy based on horizontal, vertical, or both directions. The following rows
show the recommended target size for each direction individually. Based on our �ndings and prior work [22, 47], we suggest
avoiding placing targets towards the edge of the screen as it degrades tracking accuracy.

Minimum Visual Target
width [°] x height [°] Expected Accuracy Minimum

Viewing Distance
Horizontal-Vertical Horiztonal Vertical

2 x 4 - > 80% > 70% 30 cm
3 x 4 - > 80% > 70% 25 cm
3 x 3 > 70% > 90% > 70% 40 cm
4 x 4 > 70% > 90% > 70% 25 cm

Visual Target Width [°] Minimum Tracking
width [°]

Expected
Accuracy [Horizontal]

Minimum
Viewing Distance

2 3 > 80% 25 cm
3 3 > 80% 25 cm
4 4 > 90% 25 cm

Visual Target Height [°] Minimum Tracking
Height [°]

Expected
Accuracy [Vertical]

Minimum
Viewing Distance

2 4 > 80% 35 cm
3 4 > 80% 30 cm
4 5 > 80% 25 cm

5.3 Recommendations for Target Sizes and
Design Guidelines for Gaze-enabled
Interfaces on Mobile Devices

Based on �ndings from our experiment, we present table 3, which
shows our recommendations for minimum target sizes when design-
ing for gaze selection on mobile devices, considering the viewing
distance between the users and the screen. The table suggests target
sizes in visual angles at various viewing distances based on both
Horizontal-vertical directions or based on each direction individ-
ually. Based on the �ndings, we provide the following guidelines
when designing for target selection in gaze-enabled interfaces:

[1] Design targets to be taller vertically than they are wide hori-
zontally to compensate for tracking inaccuracies.

[2] Designing targets with larger tracking areas than their vi-
sual stimuli could improve tracking precision and accuracy,
particularly in the vertical direction.

[3] We recommend designing targets with smaller visual angles,
such as 3°, for further distances between users and phones.
This will help maintain good tracking accuracy while con-
serving screen space. While increasing the target sizes im-
proves accuracy, there is a trade-o�, as this may limit the
number of targets you can place on the screen.

[4] Use the recommended target sizes in Table 3 based on typical
viewing distances for each phone application, as well as the
user’s context.

[5] Avoid placing targets at the top and bottom edges of the
screen. If deemed necessary, we recommend increasing their
vertical dimension to account for errors in such regions.

Although the recommendations and design guidelines are in�u-
enced by our setups, considering the varying distances at which
users hold their devices while interacting with them [12, 27, 34],
our �ndings pave the way for robust and more usable gaze selection

on mobile devices and open new opportunities. Future research
can build on this work to move mobile gaze input beyond the lab
and assess the usability in mobile settings, including shaky envi-
ronments and mobile contexts like sitting or walking. Developers
can mitigate the negative impact of distance variations on gaze
input by leveraging device sensors to detect context and viewing
distance, enabling dynamic adjustment of target sizes. For example,
UI element sizes can be adapted to maintain a consistent visual
angle, accounting for distance variations in di�erent mobile de-
vices holding postures [27]. Adjustments to target sizes can also
be tailored to speci�c applications. Depending on the application
category, some applications are often used at closer distances, while
others are used at farther distances. Our results are based on the
phone positioned with a �xed angle at 60° [27]. However, we expect
angle changes when using the phone in the mobile context. Such
changes might result in the face being not visible or the eyes not
being tracked by the camera. Guiding users to the best holding pos-
ture could be a way to mitigate such impact [33]. Guiding methods
that were proposed for guiding users in front of public displays may
be promising if adapted to mobile devices for this purpose [2, 70].

6 CONCLUSION
In this work, we explored various target sizes, regions, and viewing
distances to optimise target selection for dwell-based interactions
on mobile devices. Our �ndings showed that a visual angle of 4°
serves as an optimal target size across all user distances. We also
discovered that increasing the tracking area relative to the visual
target size improves tracking accuracy, but only for smaller targets,
such as those around 2°. Additionally, we provided design guidelines
for researchers and designers to e�ectively leverage gaze input on
mobile devices.
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