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Abstract - Fitts’ Law posits that the time necessary for a user to move a pointer (such as a mouse or finger) to a target area is
the function of the distance traveled and the size of the target. This translates to a simple rule that the smaller the target and
larger the distance to the target, the longer it takes to reach and select. This principle is a fundamental consideration in the
usability of any interface. Relatively little research has been done regarding the use of Fitts’ Law in Virtual Reality (VR)
environments. This paper attempts to demonstrate that Fitts’ Law continues to hold when applied to VR interactions -
specifically when a user is wearing a Head Mounted Display (HMD) and controlling a pointer with a VR controller. This
oversight poses a significant problem as VR technology becomes increasingly prevalent in gaming, training, and many other
applications. Understanding the applicability of Fitts' Law in VR is crucial for developing intuitive and efficient user interfaces
in these immersive environments. This paper aims to bridge this gap by investigating whether Fitts' Law holds true in VR
interactions. By measuring the time taken for participants to select a range of targets, a Fitts’ Law linear model was created
to test if the law still applied. The experiment demonstrated that Fitts’ Law is still applicable in VR for pointing and selection

with handheld controls, thereby filling an important gap in the understanding of user interactions in VR environments.
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1. Introduction

Usability metrics are an often studied topic in the field of
HCI and are a foundation for establishing best practices
within a design space. Certain heuristics and rules usually
evolve out of both success and failure stories, as well as
scientific research involving user testing. The usefulness of
various metrics varies, and there are always new metrics to
discover or refine; however, common metrics tend to come to
the forefront due to their applicability and usefulness.

One such measure is Fitts” Law, which is a ratio of the
accuracy of a user in a user interface with certain inputs. At
its most basic, Fitts’ Law is an equation that relates the
usability of an interface item to the distance and size of the
target. This paper will provide a description of the
development of Fitts’ Law, including the various adaptations
and applications of Fitts’ Law. This section will then
introduce relevant research touches on topics such as
usability in gaming, Fitts’ Law in Gaming, VR gaming, and
usability in VR.

1.1. Fitts’ Law

The psychologist Paul Fitts conducted his original
device-pointing experiments in 1954 [1]. His initial
experiments involved four conditions: two serial tapping
tasks (a disc transfer task and a pin transfer task) using both
a 1-oz stylus and a 1-1b stylus. For the tapping tasks, the user

moved the stylus back and forth between two plates as fast as
possible, tapping them at their centers. For the purpose of
calculation in these tasks, the amplitude was measured as the
distance between the two plates (targets), and the width of the
plates was the target size/width. Using the data from these
experiments, Fitts was able to develop a mathematical model
of the pointing and selection task, proving an implicit
relationship between human accuracy and the dexterity-based
task being undertaken.

This experiment was done prior to the invention of the
most dominant forms of devices for interacting with a
computer. The ergonomics of any given device may vary, and
yet the law holds for most pointing tasks, in particular, the
selection of an interface involving the use of a mouse or a
finger on a touchscreen. This is why Fitts’ Law has remained
relevant for our modern digital interfaces and is still widely
used today [2].

Fitts’ Law is comparable to Shannon’s Theorem 17,
which is a theorem of communication systems [3]. There
exists a correlation between the transmission of information
and movement where bits of information are categorized by
indices of difficulty and are related to the time taken to move.
In both of these theorems, measured time (MT) and index of
difficulty (ID) have a high correlation, but certain problems
exist. At low values of ID, the correlation becomes weaker.
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It becomes important to understand that Fitts’ Law exists on
a continuum between a model and a theory. When translating
between information models and experimental results, there
are sources of discrepancies since the model involves human
movement, which exists in the realm of physiological
processes. Refinement of the original Fitts” Law to better fit
is an ongoing iterative process in the literature [3].

Fitts cites in his original 1954 paper [1] that the initial
Fitts’ Law equation is a derivation based on Goldman’s
Equation 39, which is analogous to Fitts’ Law using
communication systems vernacular. Goldman’s equation is
in itself an approximation of Shannon’s Theorem 17. This
theorem is useful when the transmitted power is large in
comparison with the noise [3].

Fitts” Law in its original form was stated as :

ID = logz2 A 1 W)
MT=a+bxID=a+blog: (2A/W)

MT is the Movement Time (unitless measure of relative time)
ID is the Index of Difficulty (unitless measure of task difficulty)
A is the amplitude (distance moved to complete the task)

W is the width (a measure of the target size)

a and b are the device-dependent constants

Understanding the relationship of this equation with
Shannon’s Theorem 17 becomes important when thinking
about the limitations of this early version of Fitts’ Law; the
original equation failed for small values of ID.

Based on the information-theoretic basis for the original
equation, Fitts realized that his data could be better modelled
with the following equation, which is an even closer
adaptation of Shannon’s Theorem.

ID =logz ((A +W) /W)
MT=a+bxID=a+blog: ((A+W)/W)

It then follows the crux of the issue that certain situations
are a bad fit for Fitts” Law's original inception when the ID is
very small, such as less than 1 bit or with a negative ID.
MacKenzie asserts that even Fitts himself recognized that an
equation from Welford improved on his original and used it
in subsequent research.

MT =a+blog: (A/ W) +0.5)

Regardless of this fact, however, many researchers still
use Fitts’ Law as it was originally conceived in motor
behavior experiments; however, using a derivation more
analogous to Shannon’s theorem will almost always yield
better results when ID is small [4].

Looking at the progression of Fitts’ Law and its
derivatives, it becomes clear that the variety brings a certain
degree of ambiguity to a definitive definition and
understanding of Fitts’ Law. In a more contemporary paper,
MacKenzie points out the incompatibility in comparing
different Fitts’ Law studies due to their differences in the
method of experimentation and calculations done. As is
hopefully evident from the previous section, this is not hard
to imagine. Several different derivatives of Shannon’s
Theorem and Fitts’ Law give the flexibility to deal with
specific experimental conditions but make contrasting results
difficult [2].

Hence, the usefulness of ISO 9241-9, which outlines
standard methodologies for Fitts’ Law research, with specific
relevance for HCI. These standards come from technical
committees made up of individuals from the research
community. The standards provide things such as ergonomics
requirements and visual display requirements. The two main
testing procedures outlined in 1ISO 9241-1 are a methodology
for one-dimensional and two-dimensional tasks that have
appeared in several studies in the past decade or so [2, 5, 6,
7].

The problems that arise that necessitate a range of
adaptations of Fitts’ Law cannot be overstated, and this
makes the push for standardization of practice for easier
review and comparison more compelling. Still, it seems most
studies adapt Fitts’ Law to their research as needed, using
whatever version of the base algorithm and equation that best
fits their experimental design. There are several relevant
examples of adaptations of the application of Fitts’ Law and
or evolutions of Fitts’ Law that are worth looking at to better
understand how versatile the application can be. Three
examples of this will follow, one concerning a trajectory-
based HCI task law, an adaptation called the ‘“Prince”
technique and modelling finger touch with Fitts’ Law.

1.1.1. Trajectory Based Interactions

In trajectory-based interactions, that is, interactions
through things such as nested menus, Fitts’ Law does not
model the creation of curves and movement in a 3D space in

a one-to-one or succinct manner. In a series of four

experiments, Accot and Zhai proposed what they called a

‘steering law’ as an adaptation to Fitts” Law [8]. The four

experiments were described as follows :

. Goal Passing: constraining the ends of movement with
a steering task in which subjects pass one goal line and
another as fast as possible;

. Increasing Constraints: a steering task with constraints
on both ends which mimics Fitts’ tapping task;

. Narrowing Tunnel: a linear trajectory but a non-
constant path width with beginning and end lines;

. Spiral Tunnel: traversal through a spiralling tunnel from
the start line to the end line.
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Shannon's Theorem and Fitts' Law are both fundamental
concepts in information theory and human-computer
interaction, respectively. While they originate from different
domains, there is a relationship between them when it comes
to understanding and optimizing communication and
interaction systems.

The relationship between these two concepts lies in their
shared goal of optimizing performance within constraints. In
human-computer interaction, Fitts' Law can be used to design
user interfaces that minimize the time and effort required for
users to complete tasks. Similarly, Shannon's Theorem
guides the design of communication systems to maximize
data transmission rates while minimizing errors. Both
theories emphasize the importance of efficiency and accuracy
in their respective fields, and understanding the principles of
one can provide insights into the other [3].

Accot and Zhai [8] proposed the following global law for
predicting the time to perform a steering task :

Tc = a + b indefinite integral ¢ of ds/W(s).

This assumes the index of difficulty for steering through
the path as the sum of the curve of the elementary indexes of
difficulty as related to curved path C, which is 1Dc, linearly
related to time to steer through C, which is Tc. This law and
experiment show that there exists a relationship between
movement time and the width of a “tunnel” in steering tasks.
This is formulated as a logical evolution of Fitts’ Law and is
an extension or localization to a different movement metric

[8].

This shows the efficacy of Fitts’ Law to model these
sorts of relationships. Fitts’ Law applies to point tasks, which
happen to make up a large portion of conventional tasks on
modern computers and interfaces; however, all dexterity-
based tasks within the space of inputs to a user interface are
intrinsically similar in that they will have a general law
defining some ratio between task degree of difficulty and
completion time. Theorem.

1.1.2. Prince Technique

A rather creative solution to the difficulty in pointing
tasks is the Prince technique. Proposed by Kabbash and
Buxton, this technique involves using an area cursor to offset
the difficulty of otherwise difficult pointing tasks [9]. By
having the cursor be an area instead of a point, Fitts’ Law
bound pointing tasks become more manageable.

Instead of the small target making the task difficult, the
area cursor nullifies the difficulty by acting as a buffer to
target size. This experiment and subsequent Fitts’ Law
modification show a novel way to improve outcomes in a
Fitts’ Law-based pointing task using the design of the
interface inputs as opposed to changing the task itself.

If a task is difficult and poses a problem in a user
interface because of target size, simply enlarging the target
would have the same effect, but this technique provides a
somewhat roundabout solution that may be useful if
enlarging the target or changing the Ul in some way is
problematic for some other reason. It shows a good example
that when using Fitts’ Law in interactive design, there can be
somewhat outside-the-box solutions to change the nature of a
pointing task [9].

1.1.3. Modelling Finger Touch

The conditions that Fitts’ Law is usually measured under
involve the use of some sort of pointer or mouse; when the
pointer is a human finger, as is the case with touch screens,
the efficacy of the model for predicting performance with
small target acquisition is lacking. This is not surprising as
small target acquisition modelling is the crux of the problems
with Fitts’ original law, which MacKenzie spent a long time
examining and showing methods to fix or improve upon [2].

This issue is exacerbated in finger-touch situations. Bi et
al. propose a dual-distribution hypothesis to correct for the
lack of precision with Fitts’ Law in finger-pointing tasks with
small targets [10]. Much of this struggle comes from the idea
of “fat finger”, being that small targets on a given screen
might be fairly easy to select with a mouse or cursor, whereas
a finger will cause failures due to the finger itself being
possibly several times bigger than the target and having
several possible targets close with only one being the correct
target.

When performing pointing tasks using finger input,
variation in the accuracy of the precision is due to the
absolute precision of finger input and not solely because of
the speed-accuracy trade-off. Bi et al. derived what they call
the FFitts model, which is a refined form of Fitts’ Law. The
FFitts model simplifies Fitts’ Law in cases where the
precision factor is negligible compared to the target size or
variance of the task [10].

The FFitts model gives another example of a variation/
derivation of Fitts’ Law for a specific problem space, again
showing the generalizable paradigm of task degree difficulty
and completion time. In this case, there was one other
relationship to consider, the absolute precision of the finger,
but the base relationship, as shown in Shannon’s Theorem 17,
remains evident.

1.1.4. Fitts’ Law Summary

Recent studies on Fitts' Law have continued to explore
its relevance and application in modern digital interfaces
[11]. Contemporary research has expanded its application
beyond traditional desktop environments to touchscreens and
mobile devices. Multiple studies have examined the
applicability of Fitts' Law to touchscreen interactions, finding
that the law holds true but with modifications to account for
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the unique characteristics of touch input [12, 13]. This study
revealed that touch-based input often requires adjustments to
the index of difficulty, as factors like finger size and screen
sensitivity influence movement times.

Further investigations have explored how Fitts' Law can
be applied to various types of 2D interfaces, including those
on tablets and smartphones. Research has repeatedly
demonstrated that target size and spacing significantly affect
user performance [10, 13]. These findings suggest that
designers can enhance usability by considering Fitts' Law
principles when creating touch-based interfaces, leading to
more efficient and user-friendly designs.

These insights are crucial for developing interfaces that
accommodate various input methods, ensuring accessibility
and efficiency across different devices.

Fitts’ Law, at its core, is the relationship of a speed-
accuracy trade-off in dexterity-based pointing tasks. The
ubiquitous nature of this paradigm means that Fitts’ Law or
an adaptation can apply to significantly different tasks and
situations. It exists as a tool for approximating completion
time, which then helps guide interface design to make
common tasks as easy as possible. One such application area
that would benefit from the use of Fitts’ Law is Virtual
Reality [14].

1.2. Fitts’ Law in Gaming

Game design is a paradigm-rich design space from the
technical to the abstract. As a medium that involves ample
user input in dexterity-based tasks, Fitts’ Law is important to
consider in the context of serious games. Fitts’ Law and any
rule that helps guide ergonomic design is especially
important as most video games have, at minimum, a user
interface to consider and, in many cases, have accuracy and
speed as the implicit mechanic that drives the experience.
Thinking about video games through the lens of Fitts’ Law or
vice versa is not breaking new ground; there exists ample
research relating the two.

Video game design exists as an umbrella term for a
diverse and ever-growing pool of different tasks and input
styles that can necessitate vastly different approaches to
measuring accuracy vs speed. It would be naive to expect a
single version of Fitts’ Law to apply to all video game control
systems. There needs to be a definition of what the user does
in each game application, and each type of game/input style
needs to be tested separately. Thankfully, though, many
games exist in a similar spatial capacity (usually a 2-
dimensional or 3-dimensional layout), and many use the same
input devices, either a controller or a mouse and keyboard.

Many virtual training environments employ an
egocentric or first-person viewpoint — using the same
viewpoint as the First Person Shooter (FPS) game genre.

These applications seem a natural candidate for Fitts’ Law as
the central mechanic in most FPS games is target acquisition.
Past research has shown that most first-person environments
use some form of metaphor for target acquisition that mimics
a pointing task. Previous experiments with FPS games have
shown that the player’s times to acquire a target correlate to
standard Fitts’ Law predictions [15]. The skill and previous
experience of the players had little impact on these times,
which demonstrates that the difficulty/time trade-off that
Fitts’ Law describes is intrinsic to human motor function
naturally rather than learned or practiced.

Expanding this research to consider a range of input
devices for FPS games, it has been shown that when
comparing a PC mouse, a Microsoft Xbox 360 game control,
a Sony Playstation Move, and a Microsoft Kinect, Fitts’ Law
does not apply equally to all devices [16, 17]. Fitts’ Law held
well for the mouse and controller in first-person virtual
environments, but the accuracy of prediction degraded for the
Kinect and Move. This could be due to the limitations of the
new forms of input technology in terms of having excessive
input noise, latency, etc.

Other research has evaluated performance with touch-
based interaction as well as mouse-based interaction in first-
person virtual environments. The mouse input was used as a
baseline and point of reference for comparison. Both methods
yielded similar results that followed the same Fitts’ Law
accuracy/speed trade-off we would expect. However, the
touch-based input was slightly faster, which correlates with
other work done on more traditional 2-dimensional interfaces
[18].

Other work applying Fitts’ Law to first-person virtual
environments has demonstrated that movement time linearly
increases as the target’s index of difficulty increases across a
range of different input methods. One study compared three
gesture-based interfaces and two conventional interfaces
(mouse and touchscreen), proving that Fitts” Law can be
generalized to a range of dexterity tasks in virtual
environments [19].

Research shows that Fitts’ Law is generalizable into a
first-person virtual environment regardless of an input device
and is therefore likely at play in most dexterity-pointing tasks
in serious games regardless of input device. One input space
application of Fitts’ Law that is less studied due to the relative
infancy of the technology is in Virtual Reality (VR).

1.3. Virtual Reality

VR gaming and VR environments are a developing
subset of the serious games commercial sector. These
experiences usually consist of a virtual environment that is
displayed using a VR headset. There are a variety of existing
low-cost, high-quality consumer VR headsets on the market
and an already established market for VR video games.
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VR has emerged as a transformative technology with
applications spanning across diverse sectors, from
entertainment and education to healthcare, architecture, and
beyond. Its immersive nature has the potential to
revolutionize how users interact with digital content, offering
experiences that are both engaging and impactful [20].

In the realm of gaming, VR has significantly enhanced
user experience by providing a more immersive and
interactive environment. Players are no longer confined to
observing the game on a screen but are now active
participants in the game world. This heightened level of
immersion has not only elevated the entertainment value but
has also opened new avenues for game design and user
engagement [21].

Beyond entertainment, VR has demonstrated immense
potential in the field of education. VR-based learning
environments offer students the opportunity to engage with
educational content more interactively and intuitively. For
instance, VR can simulate historical events, scientific
experiments, and complex mathematical concepts, making
abstract ideas more tangible and easier to comprehend.
Research indicates that VR can enhance learning outcomes
by providing a more engaging and effective educational
experience [22].

The healthcare sector has also embraced VR as a
valuable tool for training, therapy, and patient care. VR
simulations are used to train medical professionals in
complex procedures, allowing them to practice in a risk-free
environment. In the field of architecture and design, VR
provides architects and clients with a virtual walkthrough of
their projects before construction begins. This allows for
better visualization, improved design accuracy, and more
effective communication between stakeholders [20, 23].

Most VR systems involve a form of audio and visual
illusion, but future VR setups are likely to include more
complex technology that will encompass more of the body.
There are already a number of devices that utilize some form
of haptic feedback; in the future, the amount of feedback is
likely to increase as the technology incorporates more human
senses than just sight and sound, which will likely be utilized
in virtual reality.

VR applications, although similar in many ways to
conventional serious games viewed on a flat screen, offer a
level of immersion that is undeniably more complex than
traditional setups, but they also bring unique challenges and
problems. VR game design is perhaps not a suitable analogy
to traditional established game design, as many features
change in practice when technologies change. It is then
important to look at some of the differences between
traditional games and VR games.

Researchers have compared usability, emotional
response, and sense of presence experienced in both VR
experiences and non-immersive setups. Experiments have
demonstrated that there is little statistical difference between
immersive and non-immersive conditions regarding usability
and performance scores. When it came to self-reported
experiences of happiness/surprise, the analysis revealed that
the sense of presence was far higher with a VR setup [24].
This is perhaps an unsurprising result, at least for the self-
reported qualities of the experience, given the previous work
on immersion within VR experiences.

However, the fact that experimental data showed no
difference between usability and performance is more
surprising. The literature highlights a weak spot in the
translation between technologies, although it is a rather niche
one. However, it is somewhat surprising that there is no
statistically significant difference in usability between VR
and traditional setups, given that they are quite different [24].
It should be noted that these metrics can be complex to
measure, and more research work is needed in this area.

VR presents many opportunities for unique serious game
applications, partially due to the nature of increased
immersion. An example of this involves using VR
technology for a Rehabilitation Gaming System (RGS) to
evaluate and rehabilitate motor defects after a stroke. The
system used an RGS to trigger the mirror neuron system,
which would then promote cortical reorganization. Situations
in RGS were designed to promote action observation.
Researchers observed that the VR interface provided a
positive impact on recovery following a stroke [25]. This was
a specific use case, but there are many similar examples of
serious game applications that could be enhanced by VR
technology [26, 27].

One consistent issue with VR technology is motion
sickness or virtual reality sickness when using current VR
headsets. Motion sickness is affected by differences in Head
Mounted Display (HMD) setups, such as resolution and
refresh rate; the contents of the media also play a pivotal role.
Research has shown that varying the virtual environment
content recorded the highest rates of VR sickness with an
emphasis on stimulation, locomotion and exposure time as
key factors [28]. A specific study of VR driving simulators
focused on measuring user comfort and experience across
three different groups (those with traumatic brain injury,
cerebral vascular accident victims, and healthy users). There
was a consistent and distinct relationship between self-
reported user rating and the experience of motion sickness
across all three groups [29].

Even with the best VR technology, the quality of the
experience can be hampered by motion sickness due to the
content of the virtual environment. Motion Sickness is one
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example of the special and specific usability considerations
that are unique to VR simulations.

1.4. Usability in Virtual Reality

Virtual Reality (VR) technology has revolutionized
various fields, such as gaming, training, education, and
healthcare, by providing immersive and interactive
experiences. Despite the technological advancements, the
usability of VR interfaces remains a significant challenge.
Usability issues in VR environments can lead to user
frustration, decreased efficiency, and reduced overall
satisfaction. One of the primary problems is the difficulty
users face in accurately and efficiently interacting with
virtual objects, which is often exacerbated by the lack of
tactile feedback and the limitations of current input devices.
As VR applications become more prevalent, it is crucial to
address these usability problems to enhance user experience
and fully realize the potential of VR technology [30].

A notable research gap exists in the application of
established human-computer interaction (HCI) principles,
such as Fitts' Law, to VR environments. Fitts' Law, which
predicts the time required to move a pointer to a target based
on the distance and size of the target, has been widely
validated in traditional interfaces. However, its applicability
in VR settings, particularly when users are equipped with
Head Mounted Displays (HMDs) and VR controllers,
remains underexplored. This gap in research is problematic
because intuitive and efficient user interfaces are critical for
the success of VR applications. Without a thorough
understanding of how principles like Fitts' Law apply to VR,
designers may struggle to create interfaces that accommodate
the unique challenges posed by virtual environments.
Therefore, addressing this research gap is essential for
improving the usability of VR systems and ensuring that
users can interact with virtual worlds seamlessly and
effectively. To understand usability in VR systems, examples
of usability measurements in specific serious gaming
situations will be examined. Figuring out which modalities
and paradigms transfer from traditional usability on a
computer (normally using a keyboard and mouse) to VR
interaction avoids rerepeating the experimental discovery
process [31].

In experiments comparing a low-cost VR HMD setup, a
desktop setup and a setup with a projector, participants
undertake several tasks on three different platforms [32].
Each participant played on each platform, and the order was
distributed such that an equal number of users on each
platform undertook the tasks in every order possible. Task
success was measured multiple times during each subtask,
and a rating was based on user satisfaction. Specific common
usability metrics other than self-reported satisfaction and
completion metrics were not used. It was found that there was
a decrease both in performance and experience when using
the projector setup and also a decrease in performance on the

VR setup. However, it should be noted that performance in
VR was only slightly worse than the desktop setup [32]. This
study does not prove any specific usability metrics to explain
any differences in performance; however, users reported
similar levels of satisfaction when undertaking tasks in the
multiple equipment setups used in this experiment.

One possible interaction modality that VR allows is the
use of hand gestures. This is a significant shift in functionality
from a traditional mouse and keyboard, and as such, will
necessitate specific usability considerations. Researchers
have compared gesture inputs against a traditional mouse and
keyboard interface in three different VR tasks: regular
pointing tasks, GUI navigation and a visualization tool [33].
Experimental data showed that input and task completion rate
was greatly reduced for gesture input. However, even when
used for a limited time, gesture input caused fatigue. Fatigue
is an important usability consideration for this technology
that is not as present when designing mice or controller
interfaces. Gesture input has immense potential for satisfying
and efficient use and makes sense as a logical step or tool to
increase immersion, but this interaction modality faces
unigue design challenges [33].

A possible design consideration when designing for
gesture interfaces is to consider the difference between the
dexterity of the hand against the dexterity of the hand with a
tool (as discussed above). It is possible that increases in the
quality of computer vision and recognition techniques for
gesture input could increase usability and performance
dramatically. In suitable applications, overall usability in VR
could increase.

A further experiment examined the usability of the
Nintendo Wii® Fit Plus (NWFP) for the treatment of balance
impairment in vestibular and other neurological diseases
[34]. The experiment used a System Usability Scale (SUS), a
widely used numeric satisfaction rating scale and a post-
treatment questionnaire [35]. Fitts’ Law constrained the tasks
used in these experiments, and researchers found that high
mean SUS scores correlated to successful use of the NWFP
for treatment. Participants also reported that they had higher
enjoyment and motivation with the NWFP than with their
usual physiotherapy [34]. The various studies described
above used an amalgamation of different experimental
measurements and usability metrics, although many had a
common thread measuring experience satisfaction. Overall,
the evidence illustrates that the usability of many motor
function considerations transfers across multiple equipment
setups (desktop, VR controllers, etc) [32, 33, 34].

1.5. Other Measures of Usability in Serious Gaming
Serious game design is a domain where there is
substantial existing work to create general guidelines, best
practices, and heuristics for design and usability. Creating
useful serious games is complex and challenging, and
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benefits from these templates and best practices, which often
address common challenges. Many of these guidelines and
templates have developed alongside the rise and popularity
of video games in mainstream culture [36].

Much of the research described in previous sections has
been physical in nature, either relating to the hardware and
ergonomic choices in the design of serious games or the
interaction technology (such as VR headsets or
mouse/keyboard). Serious game design requires ergonomic
considerations, rules and practices relating to more abstract
ideas of game design, and an understanding of fundamental
design rules (such as Fitts” Law).

A number of researchers have attempted to collect these
guidelines into sets of usability principles; for example,
Pinelle [37] created ten usability principles based on the
analysis of 108 different video game reviews on the internet.
Some of these principles were game-type specific, such as
providing predictable and reasonable behavior for computer-
controlled units, but other principles can be ubiquitously
applied to serious game usability. These include such
guidelines as [37]:

* providing consistent responses to the user’s actions
» allowing users to customize video and audio settings

»  providing unobstructed views appropriate to the user’s
current situation

«  providing input mapping for the interface;

»  providing controls that have an appropriate amount of
sensitivity and responsiveness

+  providing users with information on game status

Most of these principles are ergonomic and interaction
considerations that improve the user experience and duplicate
many existing basic HCI principles [38, 39]. These principles
don’t exist as specific design laws such as Fitts’ Law or
Hick’s Law [2, 39], and they need to be interpreted for each
specific use case as their application can vary dramatically
between different goals with game design. This,
unfortunately, is a long-standing problem with the
application of usability guidelines in the field of serious
games, as there will always be a spectrum of implementation
for any given design choice [37].

Even with these challenges, it continues to be a goal of
multiple researchers to attempt to codify game design. The
Heuristics to Evaluate Playability (HEP) and its more specific
refined list, the Heuristics of Playability (PLAY), are an
example of such an effort [30]. Many of the items on these
lists of heuristics overlap with Pinelle’s list [37]. The PLAY
list of heuristics is broken down into several categories of
heuristics relating to Game Play: Coolness, Entertainment,
Humor, Emotional Immersion, Usability, and Game
Mechanics [40].

In the context of the work described in this paper, the
usability and game mechanic heuristics are the most
pertinent. Even though it is difficult to distil any of the above
principles down to clear laws or rules of game design, certain
more formal rules (such as Fitts’ Law) can still be applied
piecewise to guide design towards better usability.

1.6. Existing Fitts’ Law and VR Research

Fitts’ Law has been shown to apply to traditional serious
game setups both in 3D and 2D environments. However,
research into Fitts’ Law within VR environments is much less
prevalent in the literature. Most of the work is very recent and
seems to have only appeared within the last decade. Most
work still relates to generic 3D environments rather than
specific situations using current VR technology. There are a
few attempts to explore Fitts’ Law performance models in
VR. Triantafyllidis and Li address issues related to adapting
Fitts’ Law to VR environments and developing an adaptation
of Fitts’ Law that accounts for spatial arrangement, as well as
translational and rotational requirements. Their model
attempts to reconcile all these added dimensions under one
formulation, and they found many problems with this
approach [41]. Perhaps isolating variables and building up the
model slower in a piecewise manner would be a better
approach. Clark et al. explored Fitts’ Law in 3D VR
environments using low-cost VR technology. They
developed an extended Fitts’ Law model using an Oculus Rift
for their experimentation. The model developed accounted
for 64.5% of the variation in movement times [42].

The two pieces of research described above provide solid
groundwork for the extension of Fitts’ Laws into VR
interfaces but also emphasize the need for further inquiry. As
with many previous Fitts’ Law studies, they focused on
developing their own custom models. Usability studies
applying Fitts’ Law to VR interactions are underrepresented
in the literature. This could potentially be attributable to the
fact that many experimental usability studies are extended to
VR environments from theory originating in traditional flat
screen setups, and as such, the work would often encounter
issues. However, as was suggested earlier, it is important to
establish that each existing Fitts’ Law usability principle can
also be established within VR environments. Discovering
where there is actual overlap between the application of 2D
and 3D principles allows for both avoiding redundancy and
demonstrating issues that need further investigation. It has
already been demonstrated that when using VR technology,
models that account for target depth improve predictive
power over more traditional Fitts” Law formulations [41, 42].
Eventually, there will be a set of complex and fleshed-out
Fitts’ Law heuristics for VR environments that are not simply
borrowed or appropriated from traditional heuristics from
more classical 2D setups. The initial stages of this work
involve starting with the simplest existing laws and principles
and incrementally increasing the complexity of the
experimentation and models developed.
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2. Experimental Design

This experiment was set up to undertake an exploration
of Fitts’ Law, as it can be applied in VR environments.
Specifically, the experiment used an Oculus Quest 2 headset
in an attempt to examine the efficacy of the Law as a model
of the speed-accuracy trade-off. The experiment was set up
to determine the indexes of difficulty of various pointing
tasks in VR and then correlate movement times from
experimentation to see how well a series of regression lines
fitted the experimental data.

2.1. Participants

Several participants were sought for the study with
diverse demographic backgrounds. The study used twelve
participants of varying ages who had a range of experience in
using both computer technology and, specifically, VR
technology.

2.2. Materials

An Oculus Quest 2 headset and controllers were set up in
a neutral experimental environment. A connecting USBC
cord connected the Oculus Quest 2 to a computer to record a
number of experimental metrics that were measured in real
time.

The software used included:

. Microsoft Excel is used for calculating the best fit linear
regression line, undertaking R2 analysis and creating
graphs;

. Adobe Premier Pro and Adobe Photoshop is used for
video review and task time measurement;

. Gimp - for photo editing;
. Microsoft Word is used to create documents and present
technology.

2.3. Experimental Design

Participants were initially provided with an informed
consent form, and an experimental appointment was
scheduled. At the beginning of each experiment, a range of
anonymized demographic information was collected from

each participant. The participants were each then given
instructions on the task to be undertaken in the experiment.
Both verbal and written instructions were given to each
participant. The study involved each participant undertaking
a series of 18-pointing tasks. Each task required the
participant to move a cursor from a starting point to a specific
target within the Oculus Quest 2's universal menu. The
participants were expected to access and select 18 different
buttons, with each button press being treated as a separate
task within the data collection (Figure 1).

The time taken to perform these tasks was collected;
additionally, the cursor starting and ending locations were
recorded. Hence, the experimental tasks predominantly
involved starting from a particular point, moving the cursor
to a particular screen item, and then selecting that item — a
common task in any serious game VR environment. To
ensure accurate data collection, the experiment used an
Oculus Quest 2 headset connected to a computer via a USB-
C cord. This setup enabled real-time recording of the
experimental metrics. The software used for data collection
and analysis included Microsoft Excel for calculating linear
regression lines and performing R? analysis, Adobe Premiere
Pro and Adobe Photoshop for video review and task time
measurement, and Gimp for photo editing. These tools
ensured precise measurement of the movement times, target
sizes, and distances travelled during each task. The
experiment also involved initial calibration of the Oculus
Quest 2 headset and controllers to ensure consistent and
accurate tracking of cursor movements and selections
throughout the study. Figure 1 contains various numbers
corresponding to the experimental target buttons within the
user interface. Participants were expected to access and select
18 of the buttons, and each button press was treated as a
separate task within the data collection. A video of the screen
capture for each individual task undertaken by each
participant was also collected during the experiment. The
Oculus Quest 2 universal menu provided a wide range of
cursor movement distances and target sizes, which is needed
to allow a Fitts Law model to be fully evaluated.

Fig. 1 Numbered menu selection task
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Table 1. Participant demographic data

Participant Gender | Age K'e\e/lyobli)sael{ d He\égset
P1 Male 29 High Low
P2 Female 29 Medium Medium
P3 Male 27 High None
P4 Male 26 High None
P5 Male 27 High None
P6 Male 25 High Low
P7 Male 27 High Low
P8 Female 55 Medium None
P9 Male 64 Medium Low
P10 Female 69 High None
P11 Male 25 High None
P12 Male 30 High None

3. Experimental Data
During each experimental session, a range of

demographic data was initially captured from a form
completed by each participant (Table 1). This demographic
information was used to group individual results together by
gender, age, prior experience, etc. All data was anonymized,
and no identifying participant data was collected.

The study involved a total of twelve participants. These
participants came from diverse demographic backgrounds
and varied in age. Specifically, there were nine males and
three females, with no other gender identities reported. The
ages of the participants ranged from 25 to 69 years old. Of

the twelve participants, six were between the ages of 25 and
30, one was between 31 and 55, and two were between 56
and 69 (Table 1). Regarding their experience with
technology, eight participants had high experience with using
a mouse and keyboard, while two participants had a medium
level of experience.

In terms of VR headset experience, none of the
participants had high experience; one participant had medium
experience, seven participants had low experience, and four
participants had no experience with VR headsets (Table 1).

This diverse participant pool was selected to cover a
range of experiences with both general computer technology
and VR technology.

Cursor locations at the beginning and end of each
selection task were also collected and stored. This allowed
the movement distance, Amplitude (A), to be measured. The
sizes of each of the targets within the universal menu
interface were also measured (Table 2). These were some of
the variables needed for the Fitts’ Law calculations required
for the analysis. Screen-captured activity from each
participant’s individual pointing tasks was transferred from
the Oculus VR headset to a digital storage medium. Premiere
Pro was then used to record times for participant’s individual
pointing tasks.

The data collected during this experiment is shown in
Table 2. The individual task identifiers (corresponding to the
tasks in Figure 1) are shown in the first column. The
measured target size (Width) and distance travelled
(Amplitude) for each task are given, which allows the Index
of Difficulty (ID) for each task to be calculated.

Table 2. Experimental task data

Task | Amplitude | Width | ID P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12
T1 292 67 3.13 | 0.634 | 0.835 | 0.635 | 0.969 | 0.702 | 0.668 1.003 | 1.303 | 1.485 | 1.002 | 0.703
T2 370 67 3.47 | 0.701 | 0.969 | 0.768 | 0.969 | 0.936 | 0.601 | 0.935 | 1.705 | 0.902 | 0.843 | 0.735 | 1.273
T3 447 67 3.74 | 0.735 | 0.902 | 0.771 | 1.069 | 0.635 | 0.634 | 1,169 | 2.173 | 0.969 | 1.080 | 0.935 | 0.871
T4 524 67 3.97 | 0.868 | 0.735 | 0.735 | 1.102 | 0.702 | 0.701 | 1.370 | 1.504 | 1.203 | 1.147 | 0.969 | 1.407
T5 599 67 4.17 | 0.868 | 0.768 | 0.802 | 0.969 | 0.635 | 0.668 | 1.403 | 1.605 | 0.935 | 1.518 | 1.036 | 1.005
T6 671 67 433 | 0.902 | 0.935 | 0.668 | 1.303 | 0.702 | 0.668 | 1.838 | 1.337 | 1.036 | 1.147 | 1.203 | 1.106
T7 818 171 | 3.26 | 0.802 | 0.802 | 0.902 | 1.136 | 0.802 | 0.601 | 1.437 | 1.304 | 0.902 | 1.147 | 1.370 | 1.307
T8 1116 171 | 3.71 | 0.935 | 0.835 | 0.902 | 1.269 | 0.836 | 0.634 | 1.971 | 1.772 | 0.935 | 1.002 | 1.270 | 1.206
T9 1431 171 | 4.07 | 0.868 | 1.035 | 0.768 | 1.203 | 0.635 | 0.668 | 2.005 | 1.404 1.470 | 1.871 | 1.977
T10 915 38 5.59 | 0.968 | 0.969 | 0.835 | 1.336 | 0.969 | 0.835 | 1.336 | 2.006 | 1.236 1.337 | 2.480
T1 1648 55 591 | 1.202 | 1.136 | 1.002 | 1.503 0.801 | 1.838 | 1.973 | 1.871
T12 1693 67 5.66 | 1.136 | 1.203 | 0.969 1.637 | 1.605 | 1.904 | 1.236
T13 1718 67 5.69 1.203 | 1.169 | 1.604 1.771 1.370 | 1.303 | 1.571 | 1.340
T14 1735 67 5.70 1.236 | 1.069 | 1.336 1.771 1.637 | 1.670 1.474
T15 1726 67 5.69 1.102 1.303 1.738
T16 1743 67 5.71 1.103 | 1.002 | 1.336 1.537 1.403 | 1.303 1.608
T17 1767 67 5.73 1.204 1.437 1.504 1.437 1.704 | 1.273
T18 1837 67 578 | 1.436 | 1.002 | 0.902 | 1.403 1.871 1.370 | 1.269 | 1.637 | 1.575
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The calculated Indices of Difficulty have no units, and
the measurement has no external meaning. However, the
Indices are meaningful in relation to each other and allow an
objective assessment of the relative difficulty of each of the
pointing tasks. The time taken for each task by each
participant (in milliseconds) is displayed on the right-hand
side of Table 2.

These rigorous procedures were designed to provide a
controlled and reliable experimental environment for testing
the applicability of Fitts' Law in VR interactions. Since this
experiment represents a measurement in 3D space that is
abstracted to a 2D mathematical model based on a
measurement of target width, the Fitts’ Law expression to be
used requires special consideration.

The study primarily used linear regression to analyze the
relationship between movement time (MT) and the index of
difficulty (ID). Linear regression lines were fitted to the
experimental data for each participant, plotting MT against
ID. The coefficients of determination (R2) were calculated to
assess the goodness of fit for these regression lines. The R2
values indicate the proportion of the variance in the
dependent variable (MT) that is predictable from the
independent variable (ID). Participants with R? values greater
than 0.5, and particularly those with R2 values higher than
0.75, showed strong correlations between MT and ID. These
values were used to derive the constants a and b for the Fitts'
Law equation, with a being the y-axis intercept and b is the
slope of the regression line. The quality of the regression fits,
and the corresponding R2 values were used to evaluate the
consistency and reliability of the data. Participants with low
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R2 values ndicated weaker correlations and potentially higher
variability in their data, which could suggest the presence of
outliers or deviations from the expected model. The study
acknowledged that some participants had lower R? values,
reflecting a weaker correlation between MT and ID, but did
not remove these outliers from the data set. One method for
finding the size of a target when in a 2D model is to use the
smaller model. This means that instead of using the status quo
model of taking the width of a target without considering the
height, instead either the width or the height is used as the
width in the calculation, whichever one is smaller. Previous
research has continually demonstrated that this calculation
method gives better results in extended 3D situations than the
status quo model [3, 8, 14, 16, 43].

The measured results were then used to plot a series of
graphs showing the time taken for each individual task for
each participant (Figure 2). Movement Time (MT) in
milliseconds was plotted on the y-axis, and Index of
Difficulty (ID) on the x-axis. As expected, the graphs all
show a direct correlation and movement time increases as the
difficulty of the task increases.

A linear regression line was fitted through each set of
experimental data. Each individual graph also shows both the
equation of the best-fit line and the resulting R-squared
values. The linear regression lines clearly display the trend or
direction in which the data points are moving as ID increases
for each participant. This allows an immediate estimation of
the strength and nature of the relationship between ID and
MT, where the slope of the regression line indicates the rate
of change, and the intercept provides a baseline value.
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Fig. 2 Time taken for individual tasks plotted against ID for each participant

The linear relationships illustrated in each of the graphs
in Figure 2 are as predicted since the target movement of the
participants in the 3D environment is constrained by Fitts’
Law.

The data from all of the twelve participants was
aggregated, and a single regression line was plotted. This
graph is shown in Figure 3.

The data collected was segregated based on the
demographic data collected. Several graphs were created
based on this segregated participant data (Figure 4). It was
hoped that segregating the data in this way would identify
specific trends among the different groups.
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Fig. 3 Time taken for individual tasks plotted against ID
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Fig. 4 Time taken for individual tasks plotted against ID for participant groups

The data was segregated in the following manner :

Those participants identified as male or female (no
other gender identities were reported by participants
during this experiment).

Participants were older than thirty years of age, and
participants were thirty years of age or younger.
Participants with a large amount (High)
mouse/keyboard experience, and participants with less
(Medium/Low) mouse/keyboard experience.
Participants with some VR headset experience and
participants with no VR headset experience.

4. Discussion and Analysis

The base Fitts’ Law expression used for this study was :

MT =a + b [Log, (2A/W)] =a + b [ID]

12

A is Amplitude or Distance,

W is the Target Width (Based on the Smaller-Of Method)
ID is Index of Difficulty (Log2 (2A/W)

MT is the Movement Time measured during the experiment
aand b are constants which need to be determined

In this experiment, the Fitts’ Law coefficients a and b
were individually derived from each of the best fit linear
regression lines, plotted from the experimental data for each
participant.

The constant a is equivalent to the y-axis (MT) intercept,
and b is equivalent to the slope of the regression line. The
constants determined from the experimental data can be seen
on the individual regression graph for each participant
(Figure 2 and Table 3).
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Table 3. Constants (a and b) derived from the regression lines For each participant

Participant Equation R? a b
P1 y =0.1912x +0.0919 0.7694 0.1912 0.0919
P2 y =0.1257x+0.4028 0.6495 0.1257 0.4028
P3 y = 0.1010x+0.4023 0.5151 0.1010 0.4023
P4 y = 0.1514x + 0.5404 0.6988 0.1514 0.5404
P5 y = 0.5000x + 0.5582 0.0788 0.5000 0.5582
P6 y =0.0768x + 0.3632 0.8259 0.0768 0.3632
Pz y =0.1089x + 1.0695 0.1352 0.1089 0.0695
P8 y =0.1696x + 0.8951 0.2350 0.1696 0.8951
P9 y =0.2340x + 0.1710 0.5883 0.2340 0.1710
P10 y =0.0799x + 0.9024 0.1343 0.0799 0.9024
P11 y =0.2110x +0.3576 0.3747 0.2110 0.3576
P12 y =0.2154x +0.3966 0.2603 0.2154 0.3966

Aggregate y = 0.1700x+0.4071 0.1995 | 0.1700 | 0.4071

The aggregated values of the constants a and b are
calculated as 0.1700 and 0.4071, respectively. The degree of
confidence in these figures can be rated as relatively high, as
the standard deviations of a and b are 0.11 and 0.26,
respectively.

The constants can also be validated by comparing them
to those derived from other, similar research. While the
constants cannot be directly be directly compared due to the
different experimental measurement techniques used, a
quotient approach can be adopted, where the ratio of b/a is
compared from different studies.

Using this method, it can be demonstrated that the ratio
of the constants derived in this experiment (2.40) is
comparable to those from other studies (2.78, 2.66), with a
maximum error of around 13% [14, 15].

4.1. Data Variance

Overall, the regression lines provided what could be
classed as a good ‘fit’ through the collected experimental
data. The R? value, also known as the coefficient of
determination, indicates the proportion of the variance in the
dependent variable that is predictable from the independent
variables.
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Fig 5 Time taken for individual tasks plotted against ID for different
R? participant groups

Participants 1, 2, 3, 4, 6 and 9 had an R? value greater
than 0.5, and participants 1 and 6 had R? values higher than
0.75 (Figure 2 & Table 3). Other participants had lower R?
values, this being indicative of a weaker correlation.
Participants with R? values greater than 0.5 and participants
with R? values higher than 0.75 are compared in Figure 5.

However, all of the regression trend lines had a similar
positive slope, indicating a strong correlation between
movement time for the individual tasks and the indices of
difficulty. In practical terms, this means that the independent
variables demonstrate that Fitts’ Law holds in this experiment
and also holds for VR applications in general. This agrees
with the findings of other researchers in the field [8, 14, 15,
18].

4.2. Model Accuracy and Prediction

The values of the Fitts” Law coefficients, a and b, have
been experimentally determined as 1.1700 and 1.4071,
respectively. It is now possible to substitute these values into
the Fitts” Law equation and begin to use this as a predictive
model for serious VR gaming applications.
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Table 4. Errors between predictive Fitts’ Law model and experimental results

Task Amplitude | Width ID MT P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12
T1 292 67 3.13 | 1.442 | 0.000 0.284 0.002 0.473 0.096 0.048 0.521 0.945 1.201 0.520 0.098
T2 370 67 3.47 | 1.581 | 0.044 0.334 0.050 0.334 0.288 0.185 0.286 1.373 0.240 0.156 0.004 0.763
T3 447 67 3.74 | 1.692 | 0.107 0.129 0.056 0.364 0.248 0.250 0.505 1.922 0.223 0.380 0.175 0.085
T4 524 67 3.97 | 1.785 | 0.013 0.201 0.201 0.317 0.247 0.249 0.696 0.885 0.460 0.381 0.130 0.748
T5 599 67 417 | 1.864 | 0.091 0.233 0.185 0.051 0.420 0.374 0.664 0.949 0.003 0.826 0.146 0.102
T6 671 67 43 1.930 | 0.110 0.063 0.440 0.456 0.392 0.440 1.211 0.504 0.079 0.236 0.315 0.178
T7 818 171 3.26 | 1.496 | 0.183 0.183 0.324 0.654 0.183 0.101 1.079 0.891 0.324 0.670 0.984 0.896
T8 111 171 3.71 | 1.679 | 0.188 0.047 0.141 0.659 0.048 0.237 1.650 1.36 0.188 0.283 0.661 0.571
T9 1431 171 4.07 | 1.825 | 0.053 0.183 0.194 0.420 0.381 0.335 1.552 0.704 0.797 1.363 1.513
T10 915 38 559 | 2.446 | 0.532 0.531 0.720 0.013 0.531 0.720 0.013 0.933 0.154 0.011 1.602
T1 164 55 591 | 2574 | 0.330 0.423 0.613 0.095 0.896 0.567 0.758 0.614
T12 169 67 5.66 | 2.474 | 0.323 0.229 0.559 0.384 0.33 0.761 0.182
T13 1718 67 5.69 | 2.483 0.237 0.285 0.329 0.564 0.002 0.096 0.282 0.044
T14 1735 67 5.70 | 2.488 0.197 0.432 0.055 0.559 0.369 0.416 0.139
T15 172 67 5.69 | 2.485 0.383 0.099 0.515
T16 174 67 571 | 2491 0.387 0.530 0.058 0.226 0.036 0.105 0.326
T17 176 67 5.73 | 2.499 0.252 0.076 0.171 0.076 0.453 0.155
T18 183 67 578 | 2.522 | 0.052 0.560 0.702 0.006 0.666 0.041 0.184 0.336 0.248
EZoor 6.068 | 10.496 | 13.213 | 10.209 | 11.032 | 13.564 | 25.883 | 36.150 | 10.980 | 16.433 | 16.103 | 19.370
To evaluate the accuracy of this approach, the predictive the smaller participant sampling groups used in the

model was used to calculate the Movement Time (MT) for
the individual tasks in the serious gaming virtual environment
from this experiment. The results of these predictive
calculations are shown in Table 3.

Table 3 also considers each individual participant and
compares their measured experimental performance (MT) to
the performance predicted by the Fitts’ Law model. It is
important to note that direct comparisons cannot be made due
to the unitless nature of the MT value calculated by Fitts’
Law. However, by once again applying a quotient approach,
the relative dimensions of the predictive and measured values
can be compared.

This allows the differential between the predictive and
measured values to be calculated. These values for each
individual task, for each participant, are shown in Table 3. An
average error percentage demonstrating the predictive
accuracy of the Fitts’ Law model for each participant can then
be calculated.

It should be noted that there is a direct correlation between
the participants with the lowest error percentages (i.e. those
for whom the model was most accurate) and those with
higher coefficients of determination, R? (Table 4).

4.3. Segregated Data Analysis

An analysis was undertaken based on the
demographically segregated data (Table 1). Analysis of the
regression lines through the segregated data shows low R2
values (Figure 4), which is a general lack of correlation. The
low R? values in each of the individual segregated data sets
demonstrated a weak correlation between the Indices of
Difficulty and Movement Time for the participants in these
groups. However, the low R? values are to be expected with
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segregated data.

However, one specific trend was of interest and can be
clearly seen from the data. The same participant group, which
reported higher R2 values (and hence better fitted with the
Fitt’s Model predictions), was also seen to fit better with the
model in the segregated groups.

This can be seen visually by comparing the graphs in the
two columns in Figure 4. The participants with higher R?
values, who match the Fitts’ Law predictions, tend to be male,
under 30 years of age, have some experience with VR
headsets, and have a lot of mouse/keyboard exposure.

Assuming that some of these factors are dependent
variables (e.g. younger people are more likely to have used
VR headsets), it becomes obvious that users who are more
experienced with the technology are more likely to fit the
Fitts” Law prediction model better.

5. Conclusion

Developers are implementing applications within VR
environments with increasing frequency. Even though these
3D environments have been more widely used in more
traditional gaming domains, little fundamental research has
been undertaken to extend traditional HCI design rules into
these 3D spaces.

One good example of this lack of research is in the
application of Fitts’ Law in VR environments. This paper
provided details of an experiment undertaken to determine
the applicability of Fitts’ Law in VR environments and, in
particular, menu selection tasks. Menu selection is a
fundamental component of any, if not all, serious gaming
applications.
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The experiment described in this paper successfully
demonstrated that Fitts’ Law can be extended for use within
a serious VR gaming application. All of the participants
demonstrated a Fitts’ Law trend, with movement time
slowing down as the indices of difficulty (based on amplitude
and target width) increased (Figure 2).

Values for the constants a and b, used in the Fitts’ Law
model, were calculated for this experimental setup as 0.1700
and 0.4071, respectively. The degree of confidence in these
figures can be rated as relatively high and was validated by
comparing them to those derived from other, similar research.

Overall, the regression lines created during this
experiment provided what could be classed as a good ‘fit’
through the collected experimental data. Participants 1, 2, 3,
4, 6 and 9 had an R2 value greater than 0.5, and participants
1 and 6 had R2 values higher than 0.75 (Figure 2 & Table 3).
However, all of the regression trend lines had a similar
positive slope, indicating a strong correlation between
movement time for the individual tasks and the indices of
difficulty.

A predictive model was used to calculate the movement
time for the individual tasks in the serious gaming virtual
environment from this experiment. These results were
compared to the participant’s measured experimental
performance. An average error percentage demonstrating the
predictive accuracy of the Fitts’ Law model for each
participant was then calculated. There was a direct correlation
between the participants with the lowest error percentages
and those with higher values of R? (Table 3).

By segregating the data based on demographic factors
(such as gender, age, and experience with VR and computer
technology), the study attempted to identify trends and
account for variability in the data. The analysis showed that
participants with higher experience levels and certain
demographic characteristics tended to have better-fitting
regression models, indicating more consistent adherence to
Fitts' Law.

Overall, the study used linear regression as the primary
statistical method and relied on the R? values to evaluate the
fit of the data, indirectly addressing potential outliers through
demographic analysis and the variability in the regression
fits. The analysis of demographically segregated data
revealed low R? values, indicating a general lack of
correlation between the Indices of Difficulty and Movement
Time for participants in these groups. However, this was
perhaps expected due to the relatively small participant
sampling groups used in the segregated data.

Participants with higher R? values tended to be male,
under 30 years old, had experience with VR headsets, and
were familiar with mouse/keyboard usage. This suggests that
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experience with technology plays a significant role in the
accuracy of the Fitts’ Law prediction model.

The findings from this study reinforce the applicability
of Fitts' Law within VR environments, particularly for
pointing and selection tasks using handheld VR controllers.
Despite the unique challenges presented by 3D immersive
environments, the core principles of Fitts' Law hold true,
demonstrating a strong correlation between movement time
and the index of difficulty. This underscores the versatility
and robustness of Fitts' Law as a predictive model for user
interactions across a wide range of digital interfaces,
including emerging VR technologies.

Furthermore, the consistency of the results across a
diverse participant pool, varying in age, gender, and
experience levels, highlights the generalizability of Fitts' Law
in VR settings. This study provides a solid foundation for
future research and development of VR applications, offering
valuable insights for designers aiming to create intuitive and
efficient user interfaces. By leveraging the principles of Fitts'
Law, developers can enhance the usability and overall user
experience in VR, paving the way for more immersive and
accessible virtual environments.

The work described in this paper achieves better results
in comparison to state-of-the-art techniques or those already
reported in the literature for several reasons:

e Adaptation of Fitts' Law for VR Environments: The work
described in this paper successfully demonstrates that
Fitts' Law, originally developed for 2D interactions, can
be adapted for use in VR environments. This adaptation
takes into account the unique characteristics of VR
interactions, such as the use of Head-Mounted Displays
(HMDs) and VR controllers, which are different from
traditional input devices like mice and keyboards. By
creating a Fitts' Law linear model specifically for VR,
the paper provides a more accurate and relevant
framework for predicting user performance in these
immersive environments.

e Comprehensive Experimental Design: The experiments
involved participants with diverse demographic
backgrounds and varying levels of experience with VR
and computer technology. This comprehensive approach
allowed for a more accurate assessment of how Fitts'
Law applies in VR, accounting for factors such as target
size, distance, and the use of VR controllers. The detailed
data collection and analysis contributed to the robustness
and reliability of the findings.

e Validation Against Real-World Tasks: The experiments
focused on practical, real-world tasks that users
commonly perform in VR environments, such as menu
selection and pointing tasks. By using these realistic
scenarios, the authors were able to demonstrate the
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applicability and effectiveness of their adapted Fitts' Law
model in actual VR usage. This practical approach
ensures that the findings are directly relevant to the
design and development of VR applications.

e Addressing Previous Limitations: The paper identifies
and addresses limitations in earlier research by refining
the Fitts' Law model for better accuracy in VR settings.
The authors highlight the issues with small index of
difficulty (ID) values and propose modifications to the
original Fitts' Law equation to account for these
challenges. This iterative process of refinement and
validation against experimental data enhances the overall
reliability and predictive power of the model.

By addressing these key factors, the paper not only
bridges the gap in understanding user interactions in VR
environments but also provides a solid foundation for further
research and development in this area. The combination of
theoretical adaptation, comprehensive experimentation, and
practical validation sets this paper apart from previous studies
and state-of-the-art techniques.

The experiment resulted in several sets of participant
data that support the efficacy of Fitts’ Law usage in VR-based
serious games. Virtual Reality. Although some of the
demographically segregated participant models had weak
correlations, the majority of the participant data was
consistent enough to provide compelling evidence. All
models showed a positive correlation consistent with the
premise of Fitts’ Law. Ultimately, further experimentation
would definitely lead to more accurate models and more
widespread usage of this widely used UX design law in more
serious 3D gaming applications.

The findings from this study reinforce the applicability
of Fitts' Law within VR environments, particularly for
pointing and selection tasks using handheld VR controllers.
Despite the unique challenges presented by 3D immersive
environments, the core principles of Fitts' Law hold true,
demonstrating a strong correlation between movement time
and the index of difficulty. This underscores the versatility
and robustness of Fitts' Law as a predictive model for user
interactions across a wide range of digital interfaces,
including emerging VR technologies.

Furthermore, the consistency of the results across a
diverse participant pool, varying in age, gender, and
experience levels, highlights the generalizability of Fitts' Law
in VR settings. This study provides a solid foundation for
future research and development of VR applications, offering
valuable insights for designers aiming to create intuitive and
efficient user interfaces. By leveraging the principles of Fitts'
Law, developers can enhance the usability and overall user
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experience in VR, paving the way for more immersive and
accessible virtual environments.

5.1. Future Work

This study successfully demonstrated the application of
Fitts’ Law in 3D pointing and menu selection tasks. However,
to enhance the robustness and generalizability of these
findings, further experimentation needs to be undertaken.

There are a few obvious main areas where further work
could improve the results :

. Increasing the size of the participant pool would allow
for a much more comprehensive analysis, addressing
potential confounding factors and allowing better
correlations among the demographically segregated
data.

. The research would benefit from increasing the
diversity of the participant pool. A more diverse
participant pool would ensure that the findings of the
experiment are more likely to be applicable to a broader
population. This would reduce biases and ensure that
the conclusions drawn from the experiment can be
generalized to a wider audience.

. Experimenting with a range of VR equipment (not just
the Oculus 2 Quest headset used in this experiment)
would improve the external validity of the results and
widen the general applicability of the calculated
experimental variables.

. Plan multiple experiments based on specific
demographic groupings, ensuring that experiential
factors (such as previous VR usage) do not create
significant correlation effects on the experimental data.
This should remove the direct correlation between the
participants with the lowest error percentages (i.e. those
for whom the model was most accurate) and those with
higher coefficients of determination, R? (Table 3).

When considering the experimental procedure, a few
improvements could be made :

. Increasing the precision of the time-based
measurements. In this experiment, all time
measurements were made by a human researcher using
video editing software. Automatically capturing the
time taken for the pointing task could reduce errors and
increase the accuracy of the data captured.

. Finally, different Fitts’ Law equations are compared
and contrasted, i.e., changing the way the Index of
Difficulty (ID) is calculated. This experiment used the
smaller-of method to calculate ID; experimenting with
and testing multiple ways to calculate the 1D (area,
status quo, angular, etc.) would perhaps allow a more
robust correlation to be determined.



Vincent Preikstas & Damian Schofield / IJCSE, 12(2), 1-18, 2025

References

[1] M. Paul Fitts, “The Information Capacity of the Human Motor System in Controlling the Amplitude of Movement,” Journal of
Experimental Psychology, vol. 47, no. 6, pp. 381-391, 1954. [CrossRef] [Google Scholar] [Publisher Link]

[2] 1. Scott MacKenzie, Fitts’ Law, The Wiley Handbook of Human Computer Interaction, pp. 1-1040, 2017. [CrossRef] [Google Scholar]
[Publisher Link]

[3] I. Scott MacKenzie, “Fitts' Law as a Research and Design Tool in Human-computer Interaction,” Human— Computer Interaction, vol.
7,no. 1, pp. 91-139, 1992. [CrossRef] [Google Scholar] [Publisher Link]

[4] 1. Scott MacKenzie, “A Note on the Information-theoretic Basis for Fitts’ Law,” Journal of Motor Behavior, vol. 21, no. 3, pp. 323-330,
1989. [CrossRef] [Google Scholar] [Publisher Link]

[5] RobertJ. Teather, Daniel Natapov, and Michael Jenkin, “Evaluating Haptic Feedback in Virtual Environments using 1SO 9241-9,” 2010
IEEE Virtual Reality Conference, Boston, MA, USA, pp. 307-308, 2010. [CrossRef] [Google Scholar] [Publisher Link]

[6] Daniel Natapov, Steven J. Castellucci, and I. Scott MacKenzie, “ISO 9241-9 Evaluation of Video Game Controllers,” Proceedings of
Graphics Interface, Kelowna British, Columbia Canada, pp. 223-230, 2009. [Google Scholar] [Publisher Link]

[7]1 Xuan Zhang, and I. Scott MacKenzie, “Evaluating Eye Tracking with ISO 9241-Part 9,” Human-Computer Interaction. HCI Intelligent
Multimodal Interaction Environments: Proceedings, Part Ill, 12" International Conference, Beijing, China, pp. 779-788, 2007.
[CrossRef] [Google Scholar] [Publisher Link]

[8] Johnny Accot, and Shumin Zhai, “Beyond Fitts' Law: Models for Trajectory-based HCI Tasks,” Proceedings of the ACM SIGCHI
Conference on Human Factors in Computing Systems, Atlanta Georgia USA, pp. 295-302, 1997. [CrossRef] [Google Scholar] [Publisher
Link]

[9] Paul Kabbash, and William A.S. Buxton, “The “Prince” Technique: Fitts' Law and Selection using Area Cursors,” Proceedings of the
SIGCHI Conference on Human Factors in Computing Systems, Denver Colorado USA, pp. 273-279, 1995. [CrossRef] [Google Scholar]
[Publisher Link]

[10] Xiaojun Bi, Yang Li, and Shumin Zhai, “Fitts Law: Modeling Finger Touch with Fitts' Law,” Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems, Paris France, pp. 1363-1372, 2013. [CrossRef] [Google Scholar] [Publisher Link]

[11] Hongwei Xiao et al., “A Study of Model Iterations of Fitts’ Law and Its Application to Human—Computer Interactions,” Applied
Sciences, vol. 14, no. 16, p. 1-19, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[12] Pinaki Chakraborty, and Savita Yadav, “Applicability of Fitts’ Law to Interaction with Touchscreen: Review of Experimental Results,”
Theoretical Issues in Ergonomics Science, vol. 24, no. 5, pp. 532-546, 2023. [CrossRef] [Google Scholar] [Publisher Link]

[13] Xinwei Guo, “A Fitts' Law Evaluation and Comparison for Human and Manipulator on Touch Task,” Cognitive Computation and
Systems, vol. 4, no. 3, pp. 265-272, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[14] Uta Wagner et al., “A Fitts’ Law Study of Gaze-hand Alignment for Selection in 3D User Interfaces,” Proceedings of the 2023 CHI
Conference on Human Factors in Computing Systems, Hamburg Germany, pp. 1-15, 2023. [CrossRef] [Google Scholar] [Publisher
Link]

[15] Julian Looser, and Andy Cockburn, “On the Validity of Using First-Person Shooters for Fitts' Law Studies,” People and Computers,
vol. 2, pp. 33-36, 2005. [Google Scholar] [Publisher Link]

[16] Alexander Zaranek et al., “Performance of Modern Gaming Input Devices in First-person Shooter Target Acquisition,” CHI '14
Extended Abstracts on Human Factors in Computing Systems, Toronto Ontario Canada, pp. 1495-1500, 2014. [CrossRef] [Google
Scholar] [Publisher Link]

[17] D. Allenotor, A. Ojugo, and D. Oyemade, “An Object Selection Model for a 3D Gaming Environment,” African Journal of Computing
and Information and Communication Technologies, vol. 8, no. 2, pp. 115-124, 2015. [Google Scholar]

[18] Farzan Sasangohar, I. Scott, and Stacey D. Scott, “Evaluation of Mouse and Touch Input for a Tabletop Display Using Fitts' Reciprocal
Tapping Task,” Proceedings of the Human Factors and Ergonomics Society 53" Annual Meeting-2009, vol. 53, no. 12, pp. 839-843,
2009. [CrossRef] [Google Scholar] [Publisher Link]

[19] Rachael A. Burno, “Equating User Experience and Fitts' Law in Gesture Based Input Modalities,” PhD Thesis, Arizona State University,
pp. 1-71, 2015. [Google Scholar] [Publisher Link]

[20] Elif Hilal Korkut, and Elif Surer, “Visualization in Virtual Reality: A Systematic Review,” Virtual Reality, vol. 27, pp. 1447-1480,
2023. [CrossRef] [Google Scholar] [Publisher Link]

[21] Tyler Blackman, “Virtual Reality and Videogames: Immersion, Presence, and the Performative Spatiality of ‘Being There’ in Virtual
Worlds,” Social & Cultural Geography, vol. 25, no. 3, pp. 404-422, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[22] Mario A. Rojas-Sanchez, Pedro R. Palos-Sanchez, and Jose A. Folgado-Ferndndez, “Systematic Literature Review and Bibliometric
Analysis on Virtual Reality and Education,” Education and Information Technologies, vol. 28, pp. 155-192, 2023. [CrossRef] [Google
Scholar] [Publisher Link]

17


https://psycnet.apa.org/doi/10.1037/h0055392
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+information+capacity+of+the+human+motor+system+in+controlling+the+amplitude+of+movement&btnG=
https://psycnet.apa.org/record/1955-02059-001
https://doi.org/10.1002/9781118976005.ch17
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Fitts%E2%80%99+Law%2C%22+in+The+Wiley+Handbook+of+Human+Computer+Interaction&btnG=
https://onlinelibrary.wiley.com/doi/abs/10.1002/9781118976005.ch17
https://doi.org/10.1207/s15327051hci0701_3
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Fitts%27+law+as+a+research+and+design+tool+in+human-computer+interaction&btnG=
https://www.tandfonline.com/doi/abs/10.1207/s15327051hci0701_3
https://doi.org/10.1080/00222895.1989.10735486
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+note+on+the+information-theoretic+basis+for+Fitts%E2%80%99+law&btnG=
https://www.tandfonline.com/doi/abs/10.1080/00222895.1989.10735486
https://doi.org/10.1109/VR.2010.5444753
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Evaluating+haptic+feedback+in+virtual+environments+using+ISO+9241%E2%80%939&btnG=
https://ieeexplore.ieee.org/abstract/document/5444753
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=ISO+9241-9+evaluation+of+video+game+controllers&btnG=
https://dl.acm.org/doi/10.5555/1555880.1555930
https://doi.org/10.1007/978-3-540-73110-8_85
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Evaluating+eye+tracking+with+ISO+9241-Part+9&btnG=
https://link.springer.com/chapter/10.1007/978-3-540-73110-8_85
https://doi.org/10.1145/258549.258760
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Beyond+Fitts%27+law%3A+models+for+trajectory-based+HCI+tasks&btnG=
https://dl.acm.org/doi/10.1145/258549.258760
https://dl.acm.org/doi/10.1145/258549.258760
https://doi.org/10.1145/223904.223939
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+%E2%80%9Cprince%E2%80%9D+technique%3A+Fitts%27+law+and+selection+using+area+cursors&btnG=
https://dl.acm.org/doi/abs/10.1145/223904.223939
https://doi.org/10.1145/2470654.2466180
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Fitts+law%3A+modeling+finger+touch+with+Fitts%27+law&btnG=
https://dl.acm.org/doi/abs/10.1145/2470654.2466180
https://doi.org/10.3390/app14167386
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+Study+of+Model+Iterations+of+Fitts%E2%80%99+Law+and+Its+Application+to+Human%E2%80%93Computer+Interactions&btnG=
https://www.mdpi.com/2076-3417/14/16/7386
https://doi.org/10.1080/1463922X.2022.2114034
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Applicability+of+Fitts%E2%80%99+law+to+interaction+with+touchscreen%3A+review+of+experimental+results&btnG=
https://www.tandfonline.com/doi/abs/10.1080/1463922X.2022.2114034
https://doi.org/10.1049/ccs2.12057
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+Fitts%27+law+evaluation+and+comparison+for+human+and+manipulator+on+touch+task&btnG=
https://ietresearch.onlinelibrary.wiley.com/doi/full/10.1049/ccs2.12057
https://doi.org/10.1145/3544548.3581423
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+fitts%E2%80%99+law+study+of+gaze-hand+alignment+for+selection+in+3d+user+interfaces&btnG=
https://dl.acm.org/doi/abs/10.1145/3544548.3581423
https://dl.acm.org/doi/abs/10.1145/3544548.3581423
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=On+the+validity+of+using+First-Person+Shooters+for+Fitts%27+law+studies&btnG=
https://www.csse.canterbury.ac.nz/andrew.cockburn/papers/fitts-game.pdf
https://doi.org/10.1145/2559206.2581291
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Performance+of+modern+gaming+input+devices+in+first-person+Shooter+target+acquisition&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Performance+of+modern+gaming+input+devices+in+first-person+Shooter+target+acquisition&btnG=
https://dl.acm.org/doi/abs/10.1145/2559206.2581291
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=An+Object+Selection+Model+for+a+3D+Gaming+Environment&btnG=
https://doi.org/10.1177/154193120905301216
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Evaluation+of+mouse+and+touch+input+for+a+TABLETOP+display+Using+FITTS%27+reciprocal+tapping+task&btnG=
https://journals.sagepub.com/doi/abs/10.1177/154193120905301216
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Equating+User+Experience+and+Fitts%27+Law+in+Gesture+Based+Input+Modalities&btnG=
https://keep.lib.asu.edu/items/153937
https://doi.org/10.1007/s10055-023-00753-8
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Visualization+in+virtual+reality%3A+a+systematic+review&btnG=
https://link.springer.com/article/10.1007/S10055-023-00753-8
https://doi.org/10.1080/14649365.2022.2157041
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Virtual+reality+and+videogames%3A+immersion%2C+presence%2C+and+the+performative+spatiality+of+%E2%80%98being+there%E2%80%99+in+virtual+worlds&btnG=
https://www.tandfonline.com/doi/abs/10.1080/14649365.2022.2157041
https://doi.org/10.1007/s10639-022-11167-5
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Systematic+literature+review+and+bibliometric+analysis+on+virtual+reality+and+education&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Systematic+literature+review+and+bibliometric+analysis+on+virtual+reality+and+education&btnG=
https://link.springer.com/article/10.1007/S10639-022-11167-5

Vincent Preikstas & Damian Schofield / IJCSE, 12(2), 1-18, 2025

[23] Ayah Hamad, and Bochen Jia, “How Virtual Reality Technology has Changed our Lives: An Overview of the Current and Potential
Applications and Limitations,” International Journal of Environmental Research and Public Health, vol. 19, no. 18, pp. 1-14, 2022.
[CrossRef] [Google Scholar] [Publisher Link]

[24] Federica Pallavicini, Alessandro Pepe, and Maria Eleonora Minissi, “Gaming in Virtual Reality: What Changes in Terms of Usability,
Emotional Response and Sense of Presence Compared to Non-Immersive Video Games?,” Simulation & Gaming, vol. 50, no. 2, pp.
136-159, 2019. [CrossRef] [Google Scholar] [Publisher Link]

[25] Monica S. Cameirao et al., “The Rehabilitation Gaming System: A Virtual Reality Based System for the Evaluation and Rehabilitation
of Motor Deficits,” 2007 Virtual Rehabilitation, Venice, Italy, pp. 29-33, 2007. [CrossRef] [Google Scholar] [Publisher Link]

[26] Biao Xie et al., “A Review on Virtual Reality Skill Training Applications,” Frontiers in Virtual Reality, vol. 2, pp. 1-19, 2021.
[CrossRef] [Google Scholar] [Publisher Link]

[27] Zhenan Feng et al., “Immersive Virtual Reality Serious Games for Evacuation Training and Research: A Systematic Literature Review,”
Computers & Education, vol. 127, pp. 252-266, 2018. [CrossRef] [Google Scholar] [Publisher Link]

[28] Dimitrios Saredakis et al., “Factors Associated with Virtual Reality Sickness in Head-mounted Displays: A Systematic Review and
Meta-analysis,” Frontiers in Human Neuroscience, vol. 14, pp. 1-17, 2020. [CrossRef] [Google Scholar] [Publisher Link]

[29] Maria T. Schultheis et al., “Examining the Usability of a Virtual Reality Driving Simulator,” Assistive Technology, vol. 19, no. 1, pp. 1-
10, 2007. [CrossRef] [Google Scholar] [Publisher Link]

[30] Jeremy Lacoche, Eric Villain, and Anthony Foulonneau, “Evaluating Usability and User Experience of AR Applications in VR
Simulation,” Frontiers in Virtual Reality, vol. 3, pp. 1-15, 2022. [CrossRef] [Google Scholar] [Publisher Link ]

[31] Chris Creed et al., “Inclusive AR/VR: Accessibility Barriers for Immersive Technologies,” Universal Access in the Information Society,
vol. 23, pp. 59-73, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[32] Beatriz Sousa Santos et al., “Head-mounted Display Versus Desktop for 3D Navigation in Virtual Reality: A User Study,” Multimedia
Tools and Applications, vol. 41, pp. 161-181, 2009. [CrossRef] [Google Scholar] [Publisher Link]

[33] Marcio C. Cabral, Carlos H. Morimoto, and Marcelo K. Zuffo, “On the Usability of Gesture Interfaces in Virtual Reality Environments,”
Proceedings of the 2005 Latin American Conference on Human-computer Interaction, Cuernavaca Mexico, pp. 100-108, 2005.
[CrossRef] [Google Scholar] [Publisher Link]

[34] Dara Meldrum et al., “Virtual Reality Rehabilitation of Balance: Assessment of the Usability of the Nintendo Wii® Fit Plus,” Disability
and Rehabilitation: Assistive Technology, vol. 7, no. 3, pp. 205-210, 2012. [CrossRef] [Google Scholar] [Publisher Link]

[35] Aaron Bangor, Philip T. Kortum, and James T. Miller, “An Empirical Evaluation of the System Usability Scale,” International Journal
of Human—Computer Interaction, vol. 24 no. 6, pp. 574-594, 2008. [CrossRef] [Google Scholar] [Publisher Link]

[36] Mark J.P. Wolf, Encyclopedia of Video Games: The Culture, Technology, and Art of Gaming [3 Volumes], 2" ed., Bloomsbury
Publishing, pp. 1-1368, 2021. [Google Scholar] [Publisher Link]

[37] David Pinelle, Nelson Wong, and Tadeusz Stach, “Heuristic Evaluation for Games: Usability Principles for Video Game Design,”
Proceeding of the SIGCHI Conference on Human Factors in Computing Systems, pp. 1453-1462, Florence Italy, 2008. [CrossRef]
[Google Scholar] [Publisher Link]

[38] Don Norman, The Design of Everyday Things: Revised and Expanded Edition, Hachette, pp. 1-384, 2013. [Google Scholar] [Publisher
Link]

[39] Yuonne Rogers, HCI Theory: Classical, Modern, and Contemporary, Morgan & Claypool Publishers, pp. 1-113,2012. [Google Scholar]
[Publisher Link]

[40] Heather Desurvire, and Charlotte Wiberg, “Game Usability Heuristics (Play) for Evaluating and Designing Better Games: The Next
Iteration,” Online Communities and Social Computing, pp. 557-566, 2009. [CrossRef] [Google Scholar] [Publisher Link]

[41] Eleftherios Triantafyllidis, and Zhibin Li, “The Challenges in Modeling Human Performance in 3D Space with Fitts’ Law,” Extended
Abstracts of the 2021 CHI Conference on Human Factors in Computing Systems, Yokohama Japan, pp. 1-9, 2021. [CrossRef] [Google
Scholar] [Publisher Link]

[42] Logan D. Clark, Aakash B. Bhagat, and Sara L. Riggs, “Extending Fitts’ Law in Three-dimensional Virtual Environments with Current
Low-cost Virtual Reality Technology,” International Journal of Human-Computer Studies, vol. 139, 2020. [CrossRef] [Google Scholar]
[Publisher Link]

[43] I. Scott MacKenzie, and William Buxton, “Extending Fitts” Law to Two-Dimensional Tasks,” Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems, California USA, pp. 219-226, 1992. [CrossRef] [Google Scholar] [Publisher Link]

18


https://doi.org/10.3390/ijerph191811278
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=How+virtual+reality+technology+has+changed+our+lives%3A+an+overview+of+the+current+and+potential+applications+and+limitations&btnG=
https://www.mdpi.com/1660-4601/19/18/11278
https://doi.org/10.1177/1046878119831420
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Gaming+in+Virtual+Reality%3A+What+Changes+in+Terms+of+Usability%2C+Emotional+Response+and+Sense+of+Presence+Compared+to+Non-Immersive+Video+Games%3F&btnG=
https://journals.sagepub.com/doi/abs/10.1177/1046878119831420
https://doi.org/10.1109/ICVR.2007.4362125
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+rehabilitation+Gaming+system%3A+A+virtual+reality+based+system+for+the+evaluation+and+rehabilitation+of+motor+deficits&btnG=
https://ieeexplore.ieee.org/abstract/document/4362125
https://doi.org/10.3389/frvir.2021.645153
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+review+on+virtual+reality+skill+training+applications&btnG=
https://www.frontiersin.org/journals/virtual-reality/articles/10.3389/frvir.2021.645153/full?trk=public_post_comment-text
https://doi.org/10.1016/j.compedu.2018.09.002
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Immersive+virtual+reality+serious+games+for+evacuation+training+and+research%3A+A+systematic+literature+review&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0360131518302380
https://doi.org/10.3389/fnhum.2020.00096
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Factors+associated+with+virtual+reality+sickness+in+head-mounted+displays%3A+A+systematic+review+and+meta-analysis&btnG=
https://www.frontiersin.org/journals/human-neuroscience/articles/10.3389/fnhum.2020.00096/full
https://doi.org/10.1080/10400435.2007.10131860
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Examining+the+usability+of+a+virtual+reality+driving+simulator&btnG=
https://www.tandfonline.com/doi/abs/10.1080/10400435.2007.10131860
https://doi.org/10.3389/frvir.2022.881318
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Evaluating+Usability+and+User+Experience+of+AR+Applications+in+VR+Simulation&btnG=
https://www.frontiersin.org/journals/virtual-reality/articles/10.3389/frvir.2022.881318/full
https://doi.org/10.1007/s10209-023-00969-0
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Inclusive+AR%2FVR%3A+Accessibility+Barriers+for+Immersive+Technologies&btnG=
https://link.springer.com/article/10.1007/s10209-023-00969-0
https://doi.org/10.1007/s11042-008-0223-2
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Head-mounted+display+versus+desktop+for+3D+navigation+in+virtual+reality%3A+a+user+study&btnG=
https://link.springer.com/article/10.1007/s11042-008-0223-2
https://doi.org/10.1145/1111360.1111370
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=On+the+usability+of+gesture+interfaces+in+virtual+reality+environments&btnG=
https://dl.acm.org/doi/abs/10.1145/1111360.1111370
https://doi.org/10.3109/17483107.2011.616922
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Virtual+reality+rehabilitation+of+balance%3A+assessment+of+the+usability+of+the+Nintendo+Wii%C2%AE+Fit+Plus&btnG=
https://www.tandfonline.com/doi/abs/10.3109/17483107.2011.616922
https://doi.org/10.1080/10447310802205776
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=An+empirical+evaluation+of+the+system+usability+scale&btnG=
https://www.tandfonline.com/doi/abs/10.1080/10447310802205776
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Encyclopedia+of+Video+Games+%5B3+volumes%5D%3A+The+Culture%2C+Technology%2C+and+Art+of+Gaming+%5B3+volumes%5D&btnG=
https://books.google.co.in/books?id=eRnOEAAAQBAJ&dq=Encyclopedia+of+Video+Games+%5B3+volumes%5D:+The+Culture,+Technology,+and+Art+of+Gaming+%5B3+volumes%5D&lr=&source=gbs_navlinks_s
https://doi.org/10.1145/1357054.1357282
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Heuristic+evaluation+for+Games&btnG=
https://dl.acm.org/doi/abs/10.1145/1357054.1357282
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Norman%2C+The+Design+of+Everyday+Things&btnG=
https://www.google.co.in/books/edition/The_Design_of_Everyday_Things/I1o4DgAAQBAJ?hl=en&gbpv=0
https://www.google.co.in/books/edition/The_Design_of_Everyday_Things/I1o4DgAAQBAJ?hl=en&gbpv=0
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=HCI+theory%3A+classical%2C+modern%2C+and+contemporary&btnG=
https://www.google.co.in/books/edition/HCI_Theory/mWslB7KDfXIC?hl=en&gbpv=0
https://doi.org/10.1007/978-3-642-02774-1_60
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Game+usability+heuristics+%28play%29+for+evaluating+and+designing+better+games%3A+The+next+iteration&btnG=
https://link.springer.com/chapter/10.1007/978-3-642-02774-1_60
https://doi.org/10.1145/3411763.3443442
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+challenges+in+modeling+human+performance+in+3D+space+with+Fitts%E2%80%99+Law&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+challenges+in+modeling+human+performance+in+3D+space+with+Fitts%E2%80%99+Law&btnG=
https://dl.acm.org/doi/abs/10.1145/3411763.3443442
https://doi.org/10.1016/j.ijhcs.2020.102413
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Extending+fitts%E2%80%99+law+in+three-dimensional+virtual+environments+with+current+low-cost+virtual+reality+technology&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S1071581920300173
https://doi.org/10.1145/142750.142794
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Extending+Fitts%E2%80%99+Law+to+Two-Dimensional+Tasks&btnG=
https://dl.acm.org/doi/abs/10.1145/142750.142794

