Journal of the Brazilian Computer Society, 2026, 32:1, doi: 10.5753/jbcs.2026.8215

© This work is licensed under a Creative Commons Attribution 4.0 International License.

Effects of task difficulty and musical training in Virtual Reality:
Observations of cognitive load and task accuracy in a VR rhythm

exergame

Kyla Ellahiyoun @ [ RMIT University | kyla.ellahiyoun@hotmail.com |
Emma Jane Pretty ® & [ Tampere University | emma.pretty@tuni.fi |
Renan Guarese ® [ Maynooth University | guarese@acm.org ]

Marcel Takac ® [ RMIT University | marcel.takac@rmit.edu.au |
Haytham Fayek ® [ RMIT University | haytham.fayek@rmit.edu.au |
Fabio Zambetta ® [ RMIT University | fabio.zambetta@rmit.edu.au |

&9 Research Centre of Gameful Realities, Tampere University, Kalevantie 4, Tampere, 33100, Finland.

Received: 13 May 2026 e Accepted: 05 August 2026 e Published: 14 August 2026

Abstract This study explores the relationship between musical training, cognitive load (CL), and task accuracy
within the virtual reality (VR) rhythm exergame Beat Saber across increasing task difficulty levels. Participants
(N = 32) had their physiological metric data measured while playing the VR rhythm exergame under three task
difficulty levels, completing a series of questionnaires after each task. Using regression analyses, we found that
task difficulty and gaming experience significantly predicted perceived mental demand, whereas musical training
did not. Musical training, along with lower perceived mental demand, increased gaming experience, and greater
physiological arousal, significantly predicted higher task accuracy. These results suggest that musical training
enhances task-specific performance but does not directly reduce perceived mental demand. Future research should
consider alternative methods of grouping musical training and the additional predictability of flow and self-efficacy.
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1 Introduction

Music psychology has long been investigating the effect of
music on cognitive functions. This has resulted in the real-
isation that music has positive outcomes on executive func-
tioning [Chee ef al., 2022].Recently, this interest in cognitive
outcomes is extended to observing cognitive load (CL) during
music-oriented tasks. CL accounts for limitations of working
memory and considers that the delivery mode of novel infor-
mation should follow the scientific principle of parsimony
[Sweller et al., 1998], being presented with the simplest expla-
nation. This is important when presenting new information
or tasks, as comparing the expertise between individuals or
groups of people can be explained through theories of optimal
performance [Yerkes and Dodson, 1908; Csikszentmihalyi,
1975]. In relation to CL and expertise, there is evidence of
a negative relationship between a higher level of skill and
acquired cognitive load during challenging tasks [Haith and
Krakauer, 2018]. CL is prominently researched with regards
to instructional design [Sweller et al., 1998], where it is estab-
lished that the inherent task difficulty and its delivery method
could significantly affect the accumulation of CL [Sweller
et al., 1998]. To address this effect, some researchers have
opted for commercial games that are recognisable to the pub-
lic [Huang, 2020]. A notable example being Beat Saber!, a
popular VR rhythm exergame [Mueller and Isbister, 2014]
that combines upbeat music and physical movement. There

"https://www.beatsaber.com/

have been few attempts to modify games such as Beat Saber
or create new rhythm games for research participants to en-
gage with [Lemmens and von Miinchhausen, 2023], however,
they are susceptible to limited generalisation as they can lack
elements which make games inherently enjoyable [Cutting
et al.,2023].

1.1 Music Sophistication & Training

An abundance of research has defined musical abilities by
the duration of formal musical training (MT), ignoring other
factors that do not overtly contribute to the skillset [Levitin,
2012; Guarese et al., 2022]. A widely adopted measure of
musical ability in the general population is the Goldsmiths
Music Sophistication Index (Gold-MSI) [Miillensiefen ef al.,
2014]. It observes music sophistication as a psychometric
construct, encompassing independent dimensions compris-
ing skills and achievements, musical perception and music-
making, amount of practice, emotional and functional usage
of music, and creativity [Miillensiefen et al., 2014]. Despite
this, its MT subscale alone is frequently used to group partic-
ipants, likely due to its perceived objectivity and alignment
with more traditional conceptions of musical ability. For
example, studies have chosen certain items from the MT
subscale to categorise low, intermediate, and high music so-
phistication groups [Matziorinis et al., 2023; Guarese ef al.,
2024], or only considered MT to inform their definition of
expertise [Chaddock-Heyman et al., 2021; Guarese et al.,
2022]. As a result, inconsistencies in how musical training is
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operationalised across studies complicate direct comparison
of findings, leading to an overlook of the broader cognitive
or experience factors that contribute to task performance.

1.2 Cognitive Load Theory

Cognitive Load Theory was conceived because of compet-
ing learning and memory frameworks [Atkinson and Shiffrin,
1968; Baddeley and Hitch, 1974], demonstrating its adaptabil-
ity for instructional design [Sweller ez al., 1998]. Furthermore,
by accounting for limitations of working memory, the delivery
mode of novel information should be parsimonious, following
the simplest explanations [Sweller ef al., 1998]. This notion
is supported by widely accepted assumptions within CL re-
search, such as element interactivity [Sweller, 1994, 2010]
and schema acquisition [Chi et al., 1982]. Firstly, CL is con-
sidered a multidimensional construct, which describes the
workload that performing a given task imposes on a learner’s
cognition [Paas and Van Merriénboer, 1994; Sweller et al.,
1998]. Continuing from this, element interactivity refers to
the number of elements being processed simultaneously in
working memory for schema construction and their inter-
actions to occur [Sweller, 1994], essentially describing the
inherent task difficulty. Furthermore, schema acquisition
relies on long-term memory to guide behaviour from a repos-
itory of stored information [Kalyuga and Singh, 2016]. As
both of these processes are shaped by prior knowledge and
experience, researchers exploring the relationship between
CL and task performance increasingly acknowledge the role
of domain-specific expertise.

1.3 Expertise in Context

Expertise is characterised as a measurable degree of skill,
whereby a necessary level of skill or knowledge is objec-
tively referred to as competency [Greenfield ef al., 1994].
In acknowledgement of this, Kirschner and Williams [2013]
argued that expertise should reframe the expert versus novice
dichotomy by positioning players as experts in their own
understanding. It competes with the notion of invalidating
the experiences of beginners by focusing on the agency of
‘experts’ [Kirschner and Williams, 2013]. Following their
example, Toft-Nielsen [2016] argued that to acquire expertise
in games, the amount of knowledge required to become an ex-
pert should be considered. Accordingly, research measuring
expertise in virtual reality (VR) exergames should appraise
the contextual parameters used to define expertise. In the
present study, participants are grouped using the MT subscale
of the Gold-MSI, but our focus extends beyond music-specific
skill. In addition to musical training, experience levels in dig-
ital games, VR, and Beat Saber are included as indicators of
broader task-relevant expertise. Taken together, these vary-
ing forms of experience may help explain differences in both
perceived mental demand and task accuracy, particularly in
interactive, high-paced environments.

In this study, we examine how musical training, gaming
experience, and task difficulty interact to influence CL and
performance in a VR rhythm exergame. Using Beat Saber
as a testbed, participants completed gameplay sessions of
increasing task difficulty levels while physiological metrics
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(electrodermal activity; EDA) and subjective measures of CL
(cognitive subscale of the video game demand scale; VGDS
[Bowman et al., 2018]) were collected. This study adds to the
growing body of work on individual differences in immersive
gameplay experiences, making the following contributions:

* A user study and analysis on how domain-specific expe-
rience and task difficulty impact both perceived mental
demand and task performance;

+ Empirical evidence that previous musical training leads
to higher task accuracy in a VR rhythm exergame envi-
ronment;

* A discussion highlighting the utility of EDA as a physi-
ological metric predictor of performance in VR rhythm
exergame contexts.

We expect these contributions to aid in the discussion of
how we can augment performance prediction with physio-
logical metric data in complex and highly interactive envi-
ronments, as well as the adaption of games to prior expertise.
The remainder of this paper is structured as follows: Section 2
reviews prior work on CL and expertise in games, exergames,
and VR. Section 3 defines the research questions guiding
this study, while Section 4 outlines the experimental design,
task conditions, and metrics used. Section 5 presents our key
findings, followed by our interpretation of them and their
limitations in Section 6, and finally concluding in Section 7.

2 Related Works

As the present study seeks to understand expertise within cog-
nitive engagement, the discussion changes course to consoli-
date motivational theories into practice [Moreno and Mayer,
2007; Huang et al., 2021].

2.1 Cognitive Load in games

A popular use of CL is adapting game or character behaviour
in real-time using physiological metrics [ Yannakakis et al.,
2016; Pretty et al., 2023a]. Examples include measuring heart
rate, stress, and cognitive effort, which can be integrated
into different game elements to modify the player experience
[Mandryk et al., 2006; Nacke et al., 2011; Robinson ef al.,
2020]. Besides real-time adaption, studies have tried to un-
derstand the relationship between subjective [Bowman ef al.,
2018; Pretty et al., 2024b] and objective metrics [Nacke et al.,
2011; Pretty et al., 2024a] of CL, i.e., whether the user’s self-
assessed perception of their mental state correlates to its phys-
iological metric. Pretty ef al. collected multiple physiological
metrics during gameplay (including electroencephalography,
electromyography, heart rate, heart rate variability, EDA, and
eye blink rate), analysing them against one another [Pretty
et al., 2024a], and also against subjective measures: the Task
Load Index [Hart and Staveland, 1988] (NASA-TLX) and
VGDS [Bowman ef al., 2018] [Pretty et al., 2024b]. Their
comparisons indicated strong correlations in some of these
pairings, one of which includes EDA, which we aim to repro-
duce in our study, although under our VR rhythm exergame
scenario.
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Concerning Beat Saber specifically, Tammy Lin et al.
[2023] tested the effect of different playable angle conditions
on the psychological and physical activities of participants.
Although they also used the VGDS to measure demand, they
did not include results from physiological metric sensors,
other than an accelerometer measuring spatial displacement
to indicate physical activity. Another study investigated hand-
eye coordination in a Beat Saber context proposed that VR
rhythm exergame training might lead to faster music instru-
ment mastery [Rutkowski ef al., 2021]. However, that effect
is outside the scope of this study, as our experiment aims to
combine different research areas in the context of VR.

For a comprehensive review of multi-dimensional CL mea-
surements, across a variety of tasks and inclusive of all cate-
gories of CL measurement, see [Chen et al., 2016].

2.2 Exergames in VR

VR offers pedagogical means for users to learn, engage, and
enhance their knowledge and skills within a simulated im-
mersive environment. These digital simulations provide a
psychological experience dependent on interplays between
technology and perceptual processes [Steuer, 1992; Takac
et al., 2023; Renata et al., 2024]. They can contribute to a
reduction in confounding variables that are typical of labora-
tory and clinical settings [Renata et al., 2024]. As attributable
to music, VR is a primary medium within entertainment and
video games that seeks to provide an engaging experience to
the extent of distracting a user from external stimuli [Schmidt
et al., 2018]. Extending from this, previous studies have
found that situating exergames within a VR context is not
only a promising intervention for encouraging physical exer-
cise [Huang, 2020; Hedlund et al., 2023a; Yoo et al., 2020]
but also provides a more immersive experience and feeling
of agency than traditional exergames [Campo-Prieto ef al.,
2021].

Several works have explored the exertion aspects of spe-
cific sports in an immersive context [Gradl ef al., 2016; Sawan
et al., 2021], such as jogging [Hedlund et al., 2023b], climb-
ing [Kajastila et al., 2016], rowing [van Delden et al., 2020;
Arndt et al., 2018], skiing [Miura et al., 2023], and cycling
[Wintersberger et al., 2022]. A significant concern about
exertion in VR is attributable to its physically intensive na-
ture, which could lead to discomfort or severe after-effects
from prolonged use, such as cybersickness [LaViola, 2000].
It is defined as symptoms of eye strain, headache, sweating,
disorientation, vertigo, nausea, or vomiting and can occur
strictly from visual perception alone [LaViola, 2000]. A stan-
dardised measure for cybersickness in VR research is the Sim-
ulator Sickness Questionnaire (SSQ) [Kennedy et al., 1993],
originally developed to assess simulator sickness in aviators,
which will be applied in the current experiment, being in line
with current VR experimental protocols for movement-based
experiences [Hedlund et al., 2023a,b; Wintersberger ef al.,
2022].

Beyond cybersickness, Arndt ez al. [Arndt ef al., 2018]
used a breathing sensor to gather physiological metric data
during their rowing simulation. In their VR condition, par-
ticipants showed significantly better results in breaths per
minute and rhythm—which are crucial in rowing performance—
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, when compared to a non-VR baseline. Given that rhythm
is highly relevant in our VR rhythm exergame scenario, we
will also collect physiological metric data, which is highly
interconnected to physical exertion [Elvitigala et al., 2024].
Multimodal measurement of the target construct, CL, also
has benefits for conducting a more holistic exploration of this
phenomenon, and thus we also measure EDA, which has also
been linked to CL [Pretty et al., 2024a].

3 Research Aim and Questions

Although aspects of music sophistication and CL have been
jointly researched [Benz et al., 2016], there are limited studies
that attempt to explore this interaction in a VR rhythm ex-
ergame [Tammy Lin ez al., 2023]. As the interaction between
music-related activities and executive function activation is
well-established in music psychology literature [Benz et al.,
2016], and working memory is a component of executive
function [Schnotz and Kiirschner, 2007], this could posit CL
as a subjective measure of executive function. Furthermore,
game difficulty in Beat Saber is referred to as task difficulty
to align with terminology used in existing literature. Thus,
the present study aims to investigate the interactions of mu-
sic sophistication, CL, and task accuracy in a VR rhythm
exergame as task difficulty increases, given the following
research questions (RQ):

* RQ1: What are the effects of task difficulty and
game/VR experience on cognitive load?
* RQ2: How does previous musical training affect...

— a) performance, and
— b) cognitive load

...in a thythm exergame?

4 Methodology

4.1 Participants

Recruitment of participants was performed via word of mouth,
social media websites, and advertising posters at the local
university. Participants were screened relative to equipment
safety guidelines? and demographic characteristics in VR stud-
ies [Slater and Sanchez-Vives, 2016; LaViola, 2000]. The
eligibility criteria were as follows: (1) being 18 to 35 years
old; (2) being a near-native level proficient English speaker;
(3) not being currently pregnant; (4) having no vision impair-
ments that cannot be corrected by glasses or contact lenses;
(5) having not recently undergone any medical procedure
(including cosmetic); (6) not having a pacemaker; (7) not suf-
fering from a heart or serious medical condition; (8) having
no physical disabilities that impair balance, motor action, or
standing with assistance; and (9) having no history of signifi-
cant motion sickness, active nausea, and vomiting or epilepsy.
Out of the people who applied and met the screening criteria
above, 32 participants participated in the present study. They
were given the opportunity to enter a draw for one of two gift

2https://www.meta.com/quest/safety-center/quest-pro/
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Figure 1. Left — Superimposed photo of the experimental layout: The screen on the left displays the casting of Beat Saber from the MetaQuest Pro, which is
being recorded on OBS. The laptop is used for all surveys, and the participant stands in an open space unobstructed by objects during gameplay. Right —
Screenshots from Beat Saber and its main interactable Objects: a) blocks which represent notes of a song, b) mines which players should avoid, c) walls (an
obstacle) that players’ head should avoid, and d) chain notes which represent sounds that are continuous.

cards at the completion of the study. The sample consisted
of 11 females (34.4%), 18 males (56.3%), and 3 non-binary

(9.4%) people aged 18 to 35 years (M = 23.63,SD = 4.58).

However, the EDA data of five participants had too much
noise and the features could not be extracted, making the
final number of participants 27. In addition, the MT group
split was as such: 13 participants in the low group, and 14
participants in the high group.

Table 1. Frequency Statistics of Participants’ (N=32) Experience
with Digital Games, VR, and Beat Saber

Measure Score f Relative f c¢f Perc.
7 17 53.13% 32 100
6 8 25.00% 15 46.88
5 5 15.63% 7 21.88
Dig. Games exp. 4 1 3.13% 2 6.25
3 1 3.13% 1 3.13
2 0 0.00% 0 0.00
1 0 0.00% 0 0.00
7 1 3.13% 32 100
6 3 9.38% 31 96.88
5 3 9.38% 28 87.50
VR exp. 4 11 34.38% 25 78.13
3 9 28.13% 14 43.75
2 2 6.25% 5 15.63
1 3 9.38% 3 938
7 0 0.00% 32 100
6 2 6.25% 32 100
5 1 3.13% 30 93.75
Beat Saber exp. 4 12 37.50% 29  90.63
3 5 15.63% 17 53.13
2 1 3.13% 12 37.50
1 11 34.38% 11 3438

1 =“Never played”; 2 = “Not played in the last 5 years”; 3 = “Played at least
once in the last 5 years”;
4 = “Play at minimum once a year”; 5 = “Play at minimum once a month”; 6
= “Play at minimum once a week”; 7 = “Play daily”.

4.2 Materials
4.2.1 Demographic measures

The pre-experimental survey included questions pertaining to
participants’ previous experience with digital games, VR, and
Beat Saber on a 7-point Likert scale, from “Never played” to
“Play daily” (more details on Table 1). The questions were
as follows: “What best describes your experience with (1)
digital games; (2) Virtual Reality; and (3) Beat Saber?”.

Gold-MSI The Gold-MSI [Miillensiefen ef al., 2014] is a
38-item self-report measure of music sophistication compris-
ing five subscales (active engagement, perceptual abilities,
MT, singing abilities, and emotions) that contribute to a gen-
eral music sophistication factor. Out of those, 31 items are
scored on a Likert scale ranging from 1 (completely disagree)
to 7 (completely agree), with the remaining 7 items being
scored under categorical responses (e.g., “I have had formal
training in music theory for 0/.5/1/2/3/4-6/7-10/11+ years.”).
The primary Gold-MSI, derived from 18 items, demonstrated
good internal reliability o = .88, with its subscales exhibiting
acceptable to good internal reliability between av = .71 and
a = .85 [Chee et al., 2022], where a higher score signifies
higher music sophistication. Responses were scored using
the Gold-MSI scoring template® for further analyses. Due to
time constraints in this study, the Gold-MSI listening tasks
were excluded, and only the derived general and MT scores
were analysed. It is acknowledged that less conventional mu-
sical training exists that cannot be captured by the Gold-MSI
alone, requiring the development of an extensive question-
naire. For this reason, we also captured experience with Beat
Saber specifically, as mentioned above.

Video Game Demand Scale The VGDS is a multidimen-
sional instrument designed to assess perceived demand across
five domains: cognitive, emotional, controller, exertional,

3https://shiny.gold-msi.org/gmsiscorer/
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and social [Bowman ef al., 2018]. It has demonstrated strong
internal consistency (e.g., cognitive: o = .90) and good con-
vergent validity with the mental demand subscale in NASA-
TLX (8 = .927). The VGDS also shows predictive valid-
ity, with each subscale significantly linked to corresponding
self-reported effort (e.g., Paas’ mental effort item predicting
cognitive load, r = .817). Although we administered the full
scale (excluding the social subscale), this study reports on the
cognitive subscale as our subjective measure of CL.

Simulator Sickness Questionnaire Research in VR war-
rants the monitoring for simulator sickness or cybersickness
symptoms as a necessary duty of care. The SSQ [Kennedy
et al., 1993] is a 16-item questionnaire with three subscales
(nausea, oculomotor, and disorientation) scored on a 4-point
Likert scale from 0 to 3 (0 = none; 1 = slight; 2 = moderate;
3 =severe), and it demonstrates a high reliability of & = .91
[Xu et al., 2020]. The SSQ was administered after each VR
play session for the researcher to determine the participants’
ability to continue with the study.

4.2.2 Apparatus

Physiological metric sensor EDA is a measure of sympa-
thetic arousal, and has strongly been linked with cognitive
load in video game and non-video game studies, making it
appropriate for exploration in a VR rhythm exergame con-
text [Setz et al., 2010; Vanneste et al., 2021; Pretty et al.,
2024b]. The Emotibit* has 2 Ag/AgCL EDA electrodes for
collecting a number of different physiological metrics. It uses
an Adafruit Feather MO WiFi board powered by a 400mAh
Lithium ion battery, a microSD card to record the data, and it
comes with straps for different placements on the body. In
our experiment, it was attached to the participants’ right ankle,
with them being instructed to keep their feet still as much as
possible. Typically, EDA sensors are placed on the finger or
wrist however this would introduce large movement artefacts
due to the nature of the VR rhythm exergame and risked the
Emotibit data becoming completely unusable and thus the
least stationary and most appropriate location for the sensor
was chosen. The Emotibit Oscilloscope (v1.5.10) was used to
stream and record the data, whereas the Emotibit DataParser
(v1.11.4) was used to parse the datastream for analysis.

Computer hardware The MetaQuest Pro® was used as a
VR head-mounted display due to it being untethered, with
its own central processing unit. As shown in Figure 1-left,
the surveys and the recording of Beat Saber version 1.31.0
gameplay were completed on separate computers to reduce
distraction and ensure the clear separation between task and
survey completion, with the recordings being completed using
the Open Broadcaster Software® (OBS version 29.1.3) saved
in MP4 format.

Game environment Beat Saber was the VR rhythm ex-
ergame environment used in this experiment and it was cho-
sen for a number of reasons. Its core mechanic requires

“https://www.emotibit.com
Shttps://www.meta.com/quest/quest—pro/
Shttps://wuw.obsproject.com/
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timing directed movements to the beat of the music, so
rhythm perception and audio-motor synchronisation de-
veloped through musical training are plausibly relevant
to performance. The VR rhythm exergame produces a
precise score at the end of each song based on a number
of factors mentioned below, which we normalise into a
task accuracy percentage comparable across songs and
task difficulty levels. Finally, it is a widely played com-
mercial title, thus increasing the ecological validity of
the study, which purpose-built research games often lack
[Cutting et al., 2023; Pretty et al., 2023b], and an estab-
lished platform in exergames research, thus attempting to
contributing to a multidimensional understanding of this
VR rhythm exergame from a research perspective [Huang,
2020; Tammy Lin et al., 2023]. The VR rhythm exergame re-
quires players to react to visual cues of approaching coloured
blocks by performing slicing movements to the rhythm or
beat of a piece of music. Each block represents a note and it
needs to be cut in the direction (horizontally, vertically, or di-
agonally) indicated by an arrow on each block. Figure 1-right
demonstrates the virtual environment and objects players can
interact with. The scoring system depends on the swinging
angle movement when cutting a note and how precise a cut is
through the centre of a note. Since each song has a variable
number of notes, and the task difficulty being played highly
impacts on the amount of points each cut grants the player,
we will use a ratio to normalise the scoring as a metric of
accuracy. Hence, we define task accuracy as the percentage
of the score obtained by the player divided by the maximum
possible score in that specific song and task difficulty. The
ranking system in the VR rhythm exergame is based on this
same task accuracy, divided in percentiles; however, this is
only accessible during gameplay without modifying the VR
rhythm exergame.

Previous studies did not have congruent song choices to
reference from. By means of consulting online game forums’
and extensive playthroughs by the authors, the songs selected
needed to be distinguishable in task difficulty (see Table 2).
Similar song durations for the three experimental conditions
(easy, normal, and hard) were chosen to control for differences
in exhaustion beyond task difficulty. For consistent gameplay,
the following changes were made to the VR rhythm exergame
settings:

 Switched on: “no fail”, “automatic player height”, fixed
note (block) colours (red = right, blue = left), and the VR
rhythm exergame environment was set to “The First”.

+ Switched off: “arc haptics”, “arc visibility”, “environ-

ment effects” and “flickering”.

Besides the settings listed above, we also controlled song
selection, task difficulty order, song durations, tutorial
exposure, hardware, and sensor placement. The note
charts, scoring algorithm, audio, and visual environment
are authored by the VR rhythm exergame’s developers
and were used as shipped. We report the VR rhythm
exergame version, songs, chart statistics (Table 2), and all
modified settings so the task can be reconstructed exactly.

"https://reddit.com/r/beatsaber/comments/rpb8i7/beat_
saber_music_packs_from_best_to_worst/
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Table 2. Beat Saber Song Details for Experimental Conditions® Tutorial, Easy, Normal and Hard
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Tutorial Easy Normal Hard
Song Choice Balearic Pumping Rum n Bass POP/STARS Natural
Song Artist Jaroslav Beck Boom Kitty K/DA Imagine Dragons
Duration (minutes) 02:14 03:09 03:09 03:06
Beats Per Minute 111 132 170 100
No. of Notes® 170 155 341 553 (526)°
Notes per second ~1.26 ~0.82 ~1.80 ~2.83
No. of Walls 9 23 41 0
No. of Mines 6 2 2 0

a) ‘Experimental Conditions’ align with the task difficulty levels of the songs played, the only exception being the Tutorial, as participants played a song on

‘Easy’ task difficulty level to warm up. b) ‘Notes”’ refers to the coloured blocks players interact with in the VR rhythm exergame. ¢) Although there are 526

notes in this song, the maximum combo participants could achieve is 553 due to chain notes, making that a more accurate representation for the ‘number of
notes’ in this song.

4.3 Procedure

This study was approved by the Human Research Ethics Com-
mittee at RMIT University (Project Number: 26489). Eligible
participants provided written informed consent upon arrival
to the lab. They completed a survey battery prior to experienc-
ing the VR conditions in the following order (1) demographic
data about their previous experience with digital games, VR,
and Beat Saber, and (2) the Gold-MSI. Participants were pro-
vided a tutorial on how to use the MetaQuest Pro and how to
play Beat Saber, which consisted of a tutorial accompanied by
an Easy level song to reduce novelty effects for consecutive
conditions through gameplay exposure. For each condition,
participants were instructed to press ‘play’ after a count of
5 when the researcher said ‘Go’. All participants played the
same songs in the same order of task difficulty levels: from
easiest to hardest (see Table 2). Although a learning effect is
expected, we believe counterbalancing the task difficulty
order would hinder the experience of novice players, in an
effort to minimize the difference with players who already
had previous experience. At the completion of each song,
participants reported their scores verbally before removing
the headset. These scores were also double-checked by the
researchers in the OBS recording after the experiment, and
then converted to a percentage over the maximum possible
score for that song and task difficulty, regarded as task accu-
racy. Participants were then asked to respond to the SSQ and
VGDS. After all conditions were done, they would complete
a post-experiment survey, which asked participants to rank
their preference of task difficulty order by level of enjoyment,
and the reasoning for their choice.

4.4 Design

The present study employed a within-subjects experimental
design to evaluate changes to dependent variables across the
main independent variable of task difficulty.

4.5 Data Analysis
4.5.1 EDA Pre-Processing

EDA was recorded at 15 Hz and pre-processed using the
neurokit2 Python package. The raw signal was first smoothed
with a fourth-order low-pass Butterworth filter (cutoff: 5
Hz) and then decomposed into tonic and phasic components

using the eda_process function, which applies continuous
deconvolution. Skin conductance responses (SCRs) were
identified using a peak detection algorithm with adaptive
thresholding and a minimum amplitude criterion of 0.01 uS.
From this, the following measures were derived for each trial:
average tonic EDA, average phasic EDA, number of SCR
Peaks, and average SCR amplitude. All EDA variables were
standardised (M = 0, SD = 1) to enable direct comparison
across each other.

4.5.2 Statistical Analysis

All statistical analyses were conducted in R (v4.4.1). Data
were screened for missing values, and observations with in-
complete data for the variables of interest were excluded,
as mentioned above, this was present in five participants’
EDA data. Multivariate normality of the EDA variables was
assessed separately for each task difficulty condition using
Mardia’s test. Results showed that assumptions of multivari-
ate normality were not fully met, with only the SCR Peaks
variable conforming to normality across conditions and thus
SCR Peaks was the only EDA variable kept for the final
regression models.

Multiple ANOVA and MANOVA tests were initially con-
ducted to ascertain which variables were suitable for the two
linear regression models that aimed to see which objective
and subjective data could predict task accuracy and perceived
mental demand. Variables were deemed suitable if they could
display significant (or near-significant) differences across the
3 task difficulty levels as specificity of the measurement is
a prerequisite for our analysis. A one-way MANOVA was
conducted with task difficulty (easy, normal, and hard) as
the independent variable, and four standardised EDA indices:
tonic EDA, phasic EDA, SCR Peaks, and SCR amplitude
as dependent variables. A follow-up ANOVA and post hoc
tests were conducted for variables showing significant effects.
Perceived mental demand, as measured by the cognitive sub-
scale of the VGDS, was also compared across task difficulty
conditions using a one-way ANOVA, with follow-up post hoc
tests. This was also done for comparing task accuracy across
task difficulty levels. Additional regression analyses were
performed to examine the predictive value of prior experience
variables (Beat Saber, VR, and digital game experience) on
task accuracy, perceived mental demand, and SCR Peaks.

Finally, to address the research questions of this study,
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two multimodal linear regression models were conducted to
evaluate the predictive value of task difficulty, Beat Saber
experience, VR experience, digital games experience, MT
group, and SCR Peaks on perceived mental demand and task
accuracy (with the addition of perceived mental demand to the
latter model). Interaction effects were tested for the particular
variables of interest (MT group & CL, and MT group & task
difficulty), however none were significant, and thus the final
models only included main effects. This has added benefit
of reducing multicollinearity, as well as simplifying the
models. Adjusted R? values were used as effect sizes
to demonstrate the amount of variance explained by the
models.

5 Results

5.1 Demographics

Frequencies of responses to pre-experimental survey ques-
tions can be found on Table 1, which describes players’ experi-
ence with digital games, VR, and Beat Saber on a 7-point Lik-
ertscale. On average, 78.1% participants played digital games
once a week or more (M = 6.22,SD = 1.04), 56.27% have
played in VR at least once a year (M = 3.69,SD = 1.45),
and 62.5% have played Beat Saber at least once in the last
5 years (M = 2.91,SD = 1.59). An independent sam-
ples t-test found no statistically significant difference be-
tween male (M = 72.78,SD = 4.48) and female (M =
69.18, SD = 4.02) participants for general musical sophis-
tication scores (p = .588). Participants’ mean SSQ scores
were within the expected range across all conditions: easy
(M = 8.32,5D = 2.51), normal (M = 12.06, SD = 3.24)
and hard (M = 16.29, SD = 4.57). Two participants scored
above the standard threshold and were monitored to determine
their fitness to continue the study.

5.2 Qualitative Feedback

Following the main experiment, participants ranked the task
difficulty levels by which they found the most enjoyable
accompanied by reasoning. Of interest was their highest
ranked task difficulty, which was hard (56%, n = 18), normal
(B81%,n = 10), and easy (13%,n = 4). Feedback from
the hard condition was clustered thematically: the need to
concentrate (“the harder it was, the more I had to actually
focus”), high stimulation (“it was a fun and novel challenge”)
and flow (“appropriate task difficulty for my skill level”;
“...helped me to get into the zone”). The normal task difficulty
was described as “the perfect balance for my current expertise
in the game”, in addition to it being the “right amount of task
difficulty for the game”. Participants who enjoyed the easy
task difficulty the most emphasised on performance, stating
it was “easier to slash the cubes, resulting in [a] higher score
and better ranking”.
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5.3 Multivariate Analysis of Variance of EDA
by Task Difficulty

A MANOVA with task difficulty as the predictor revealed
a non-significant multivariate effect on the combined EDA
indices (Pillai’s Trace = .137, F'(8,138) = 1.27,p = .267).
Follow-up univariate ANOVAs indicated that only SCR
Peaks differed significantly by task difficulty (F'(2,71) =
3.54,p = .034), with an almost marginal effect also found
for SCR Amplitude (F'(2,71) = 2.95,p = .059). Post hoc
comparisons (Tukey HSD) for SCR Peaks indicated a sig-
nificant difference between easy and hard tasks (p = .026),
with more SCR Peaks during hard tasks (see Table 3-top).
No significant differences were found between normal and
either easy or hard conditions. Based on this and the previous
normality results, SCR Peaks was chosen for both of the final
regression models.

5.4 Effects of Task Difficulty on Task Accu-
racy and Perceived Mental Demand

A one-way ANOVA revealed a significant effect of task dif-
ficulty on perceived mental demand (F'(2,93) = 18.62,p <
.001). Post hoc Tukey HSD tests confirmed that participants
reported significantly higher CL in hard tasks compared to
both normal (p = .002) and easy tasks (p < .001), and also
reported significantly higher CL in normal compared to easy
tasks (p = .028), as seen in Table 3-bottom. Assumptions
of normality (Shapiro-Wilk p = .077) and homogeneity of
variance (Levene’s F'(2,93) = 2.11, p = .128) were met. As
these findings indicate, the songs were different in difficulty,
and thus the task difficulty variable was included in the final
regressions.

A one-way ANOVA revealed a significant effect of task dif-
ficulty on task accuracy (F'(2,93) = 10.88,p < .001). Post
hoc Tukey HSD tests indicated that task accuracy was signif-
icantly lower in hard tasks compared to both easy (p < .001)
and normal tasks (p = .003), while no significant difference
was observed between easy and normal tasks (p = .499). The
assumption of normality was met (Shapiro-Wilk p = .099),
but Levene’s test indicated a violation of the homogeneity
of variance assumption (F'(2,93) = 4.78,p = .011). A non-
parametric Kruskal-Wallis test confirmed the effect of task
difficulty on task accuracy (x?(2) = 14.51,p < .001). Pair-
wise Wilcoxon tests further supported the finding that task
accuracy was significantly lower in hard compared to easy
(p < .001) and normal tasks (p = .025), with no significant
difference between easy and normal tasks (p = .857), as seen
in Table 4.

5.5 Experience Factors as predictors of task
accuracy, perceived mental demand, and
SCR Peaks

A linear regression assessed whether Digital Games, VR, and
Beat Saber experience predicted perceived mental demand.
The model was significant (F'(3,92) = 4.81,p = .004),
explaining 10.7% of the variance (R ;; = .107). Both Digital
Games (5 = —35.09, p = .013) and Beat Saber experience
(B = —32.91, p = .016) were significant negative predictors,
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Table 3. Post hoc comparisons for SCR Peaks and Cognitive Load (Tukey HSD)
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Comparison Mean Difference 95% CI p
SCR Peaks

Hard vs Easy 0.73 [0.07, 1.38] .026*
Normal vs Easy 0.33 [-0.33, 0.99] 460
Normal vs Hard -0.40 [-1.06, 0.26] 329
Cognitive Load

Hard vs Easy 190.10 [115.67,264.54] <.001%**
Normal vs Easy 81.77 [7.34, 156.20] .028*
Normal vs Hard -108.33 [-182.77,-33.90] .002%*

Table 4. Post hoc comparisons for Task Accuracy (Wilcoxon pairwise tests)

Comparison Med. Diff. Group Medians (IQR) P
Hard vs Easy -22.0 53.8 (41.5) vs 75.8 (20.4) <.001%***
Hard vs Normal -24.6 53.8 (41.5) vs 78.4 (22.6) .025%
Normal vs Easy 2.6 78.4 (22.6) vs 75.8 (20.4) .857

while VR experience was not (p = .22). Multicollinearity
was low (all VIF's < 3), and visual inspection of histograms
and Q-Q plots displayed normal residuals.

Additionally, a linear regression assessed whether Digital
Games, VR, and Beat Saber experience predicted task accu-
racy. The model was significant (F'(3,92) = 9.91,p < .001),
explaining 21.9% of the variance (Ridj = .220). Digital
Games (6 = 5.42,p = .006) and Beat Saber experience
(B = 4.08,p = .030) were significant positive predictors of
task accuracy, while VR experience was not (p = .39). Mul-
ticollinearity was low (all VI F's < 3), and visual inspection
of histograms and Q-Q plots displayed normal residuals. As
such, both Digital Games and Beat Saber experience were
significant in these regressions, thus they were included in
the final regression models.

A separate regression predicting SCR Peaks from the same
experience variables, as well as MT group, was not signifi-
cant (F'(3,70) = 0.63,p = .595, dej = —0.015). The indi-
vidual experience factors did not meaningfully predict EDA
response, however MT group did (5 = —0.54,p = .028).
Multicollinearity was low (all VIF's < 3), and visual inspec-
tion of histograms and Q-Q plots displayed normal residuals.

Table 5. Regression coefficients for predictors of Cognitive Load,
SCR Peaks, and Task Accuracy

Predictor 15} SE P
Final Combined Model Predicting Cognitive Load
Task Difficulty (Hard) 226.66  32.03  <.001%**
Task Difficulty (Normal) 96.80  31.07 .002%**
Dig. Games experience -28.56  11.59 .016*
Beat Saber experience -25.42 8.10 .003%*
SCR Peaks -20.17  13.30 133
MT Group 21.27  26.18 420
Final Combined Model Predicting Task Accuracy
Perceived Mental Demand  -0.053 0.01 <.001***
MT Group 10.51 3.32 .002**
Task Difficulty (Hard) -12.27 5.10 .018*
Task Difficulty (Normal) -3.81 4.88 438
Dig. Games experience 3.72 1.48 .014*
Beat Saber experience 4.26 1.07  <.001%**
SCR Peaks 711.38 346.72 .043*

5.6 Combined Predictive Models of Task Ac-
curacy and Perceived Mental Demand

The final regression model to predict perceived mental de-
mand including task difficulty, Digital Games experience,
Beat Saber experience, MT group, and SCR Peaks (see Ta-
ble 5-top) was also significant, F'(6,67) = 12.43,p < .001,
explaining 48% of the variance (R? 4 = -48). Significant pre-
dictors included task difficulty (both normal (3 = 96.80,p =
.002) and hard (6 = 226.66,p < .001) vs. easy), Beat
Saber experience (8 = —25.42,p = .003), Digital Games
experience (8 = —28.56,p = .016), but not SCR Peaks
(8 =—-20.17,p = .133) or MT group (8 = 21.27,p = .42).
Normality testing of residuals showed normal histogram and
Q-Q plots, as well as low multicollinearity (all VIF's < 2),
although the Shapiro-Wilk test indicated non-normal residu-
als (p = .024). For visual representation of this model, see
Figure 2.

A final regression model was conducted to predict task
accuracy from perceived mental demand, musical training
group, task difficulty, Digital Games experience, Beat Saber
experience, and SCR Peaks, as seen in Table 5-bottom.
The overall model was significant, F'(7,66) = 20.50,p <
.001, explaining 65.2% of the variance in task accuracy
(Ridj = .652). Perceived mental demand was a signifi-
cant negative predictor (3 = —0.053, p < .001), indicating
that higher perceived CL was associated with lower perfor-
mance. Musical training group significantly predicted task
accuracy (8 = 10.51,p = .002), with participants in the
high musical training group achieving higher scores overall.
Task difficulty also influenced task accuracy, with signifi-
cantly lower performance on hard tasks compared to easy
(B = —12.27,p = .018), but no significant difference be-
tween normal and easy conditions. Both Digital Games ex-
perience (8 = 3.72,p = .014) and Beat Saber experience
(B = 4.26,p < .001) were significant positive predictors of
task accuracy, and SCR Peaks also contributed modestly to
the model (5 = 3.39,p = .043). Residuals were approxi-
mately normal based on visual inspection of Q-Q plots and
histograms, and multicollinearity was low (all VIF's < 2).
For a visualisation of the predictors of task accuracy, see
Figure 3.
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6 Discussion

The present study investigated whether musical training could
explain variations in CL and task accuracy in the VR rhythm
game Beat Saber as task difficulty increased. Through regres-
sion analyses, we determined that while task difficulty and
gaming experience significantly predicted perceived mental
demand, musical training alone did not significantly con-
tribute to subjective perceptions of cognitive effort. However,
musical training significantly predicted greater task accuracy
in gameplay. These results imply that musical training con-
tributes specifically to improved performance, potentially
via enhanced motor coordination or visuospatial processing,
rather than lowering perceived mental demand.

Importantly, the exploratory nature of this study im-
plies that these results should be noted with caution as
observations within the specific experimental conditions
tested and considering a young adult population.

6.1 Task Difficulty, Experience, and Cognitive
Load

Considering RQ1, our regression analyses revealed that
task difficulty significantly impacted perceived mental
demand, with the hard condition eliciting the highest per-
ceived CL, with high effect sizes being found, followed
by normal and easy task difficulty levels, in line with the
findings of Tammy Lin ef al. [2023]. This pattern is con-

sistent with the chart statistics presented in Table 2, in
which notes per second more than tripled from the easy to
the hard condition (0.82 to 2.83), requiring participants
to process an increasing number of elements simultane-
ously and thereby satisfying the assumption of element
interactivity [Sweller, 2010]. Although the number of
walls and mines is different across the conditions, we be-
lieve that the songs still increase in task difficulty in a
way that aligns with cognitive load theory, namely the
quantity of information presented Sweller [2011], rep-
resented through notes per second and total number of
notes. Importantly, specific Beat Saber experience and
broader Digital Games experience significantly predicted
lower perceived mental demand, suggesting that familiar-
ity with the VR rhythm exergame’s mechanics and digital
interaction environments effectively reduced perceived
mental demand. These effects should be interpreted in
light of the experience distributions reported in Table 1,
whereby the influence of Digital Games experience was
estimated within a predominantly experienced sample,
while Beat Saber experience spanned the full range from
never-players to weekly players. In contrast, musical
training did not significantly predict perceived mental de-
mand, highlighting that task-specific and domain-specific
experiences rather than broader musical training influ-
enced participants’ subjective experience of CL.

These findings underscore the critical role of domain-
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specific familiarity in managing CL within immersive and
interactive digital environments. Furthermore, higher
SCR Peaks were associated with better task accuracy.
EDA measures sympathetic arousal, and in an active VR
rhythm exergame this arousal can come from physical
exertion, stress, or excitement as well as from cognitive
processing [Elvitigala et al., 2024]. In our models, SCR
Peaks predicted task accuracy and failed to predict per-
ceived mental demand, therefore EDA in this task may
instead reflect arousal or engagement rather than CL
specifically. Regardless, this is still a useful result in that
SCR Peaks added predictive value for performance be-
yond task difficulty and experience with a strong effect
being noted, which supports EDA as a performance indi-
cator in rhythm-based VR even if the direct relationship
with CL is less clear. Our subjective data support CL the-
ory’s claim that familiarity and expertise shape perceived task
difficulty in complex, multimodal tasks such as a VR rhythm
exergame.

Although these results underline CL as a key differentiator
across task conditions, potential confounding effects from VR
novelty should be acknowledged. Considering our participant
sample consisted of limited previous VR experience, and
despite instructions to report CL based on the task alone,
CL results can be conflated by way of exposure to a virtual
environment [Anglin et al., 2017; Frederiksen et al., 2020] in
the sense that participants may have felt overwhelemed by the
VR experience if they were inexperienced, and though this
would be a consistent conflation within a singular participant,
it may not be true of all participants.

6.2 Musical Training & Cognitive Load

As for RQ2a, MT group was not a significant predictor of per-
ceived mental demand in the regression model. In contrast,
task difficulty, Beat Saber, and Digital Games experience
significantly predicted perceived mental demand with large
effect sizes, with participants reporting higher perceived men-
tal demand in higher task difficulty levels and lower perceived
mental demand if they had greater familiarity with the VR
rhythm exergame and games generally. This suggests that per-
ceived mental effort was more strongly shaped by the nature
of the task and prior experiences than by MT (see Figure 2).
At least within the context of our study, MT did not generalise
to perceived mental demand, however, one regression found
that expertise did predict objective CL. Thus, their inclusion
helped account for individual variation, which may interact
with task perception in more complex or indirect ways. This
incongruence of findings highlights the influence of domain-
specific expertise, such as regular exposure to game mechan-
ics, on perceived mental demand. That is, rather than being
modulated by broader cognitive skills associated with MT,
perceived mental demand in this task appeared more tightly
linked to situational familiarity, whereas objective CL was
linked more specifically to task-specific difficulty [Sweller
etal., 2011].

These findings also did not replicate previous results re-
ported by Pretty et al. [2024a], who found stronger associ-
ations between subjective and physiological metrics of CL.
The discrepancy may be attributed to differences in task com-
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plexity, participant familiarity with VR, the distinct physio-
logical metrics used, or the nature of cognitive load posed by
Beat Saber relative to the tasks employed in previous studies.
Further research should aim to clarify these methodological
variations and examine under what conditions different CL
measurements converge. Finally, our findings apply to Beat
Saber specifically, and need replication in other rhythm
games prior to ensuring generalisation. Beat Saber tests
whether players can time their movements to the notes
of a song, but it does not test pitch, melody, or the fine
motor skills used to play an instrument. The increase in
task accuracy we found for the high MT group shows that
rhythm skills carry over to this VR rhythm exergame,
and rhythm games with different demands may show dif-
ferent results. As musical training is multidimensional,
VR rhythm games that require different musical skills
could have caused previous music experience to play a
significant effect on CL.

6.3 Musical Training & Task Accuracy

In the final regression model predicting task accuracy, re-
lated to RQ2b, MT group emerged as a significant predictor,
alongside task difficulty, SCR Peaks, Beat Saber and Digital
Games experience. Participants with higher MT performed
more accurately overall, even when accounting for other fac-
tors. This aligns with existing research suggesting that MT
supports visuospatial processing [Strong and Mast, 2019], a
skill essential in Beat Saber’s fast-paced virtual environment
[Tian et al., 2023].

Task difficulty and game experience also significantly in-
fluenced task accuracy—harder tasks reduced task accuracy,
while both specific VR rhythm exergame and general game
familiarity improved it. Although no significant interaction
or moderating factor was found between expertise and per-
ceived mental demand on task performance, the result of
musical training and CL predicting task accuracy does cor-
roborate the findings in CL literature, despite no interactions
being found and a medium effect size [Sweller ez al., 2011].
Additionally, higher SCR Peak values were associated
with higher task accuracy (see Figure 3), and due to the
nature of EDA measurement, this result open to several
interpretations: arousal may facilitate performance in
time-sensitive gameplay, better-performing players may
exert more physical effort, or both variables may respond
to a third factor such as engagement. Because EDA in a
VR rhythm exergame may reflect a mixture of cognitive
load, and affective and physical demands, our results show
that we cannot interpret SCR Peaks as only reflecting CL.

Visual inspection of task accuracy data (Figure 4) suggests
that although the higher MT group exhibited task accuracy lev-
els closer to each other, the low MT group had a wider spread
of task accuracy across all task difficulty levels notwithstand-
ing lower medians. This addresses a critical pitfall of the
musicians versus non-musicians dichotomy within the liter-
ature, which Talamini et al. [2017] underscore to be from
expertise acquired via informal training, as opposed to for-
mal, and the ignorance of other traits that contribute towards
musical abilities. A possible explanation for this observation
in our results is the grouping method for low and high MT.
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These findings support the need for more holistic classifi-
cations of musical ability [Baker et al., 2020; Dahary et al.,
2020; Matziorinis et al., 2023], and contribute to the broader
discussion around the relationship between MT and executive
function [Bowmer et al., 2018].

6.4 Limitations & Future Directions

The exploratory nature of this study imposes inherent
limitations for real-world applications beyond providing
insight into interactions between CL, task difficulty, and
expertise, which results should be noted with caution as
observations within the specific experimental conditions
tested. Notably, the small sample size for music research and
the method of categorising groups, the lack of a deeper quali-
tative analysis, and the use of only a singular VR rhythm
exergame have likely impacted the results. As musical
training is multidimensional, other VR rhythm games
may require different musical skills that Beat Saber does
not, which for instance could have caused previous music
experience to play a larger effect on CL.

Firstly, the sample may be biased due to recruiting on
social media and within a university context, resulting in
a younger sample than in previous studies. However, our
results differ from the literature, which is known for ob-
serving CL in young children or older adult populations
within educational research [Yeung et al., 1998; Berends
and van Lieshout, 2009; Chaddock-Heyman ez al., 2021]). Be-
yond age, the experience profile of the sample constrains
generalisation. As shown above, 78.1% of participants
played digital games at least weekly, while only 12.5%
used VR at least monthly and 34.4% had never played
Beat Saber. The sample therefore represents experienced
gamers who were largely novices in VR and in this spe-
cific VR rhythm exergame. The experience variables were
included as predictors in the final models, but a sample
containing more VR-experienced users or Beat Saber ex-
perts would increase generalisation. In addition, the low
number of participants and high number of predictors
likely led to an underpowered and potentially overfitted
regression model, although all predictors were tested in-
dependently before the final regression model, validating
their final inclusion (of which all VIFs were low).

Secondly, MT groups were categorised by a singular item,
as opposed to multiple or an entire subscale, which is a devia-

Ellahiyoun et al. 2026

tion from previous research [Dahary et al., 2020; Matziorinis
et al., 2023]. In supplement to this, sociodemographic factors
such as occupation and income were not assessed despite elic-
iting a high impact on music sophistication collectively in the
original Gold-MSI study [Miillensiefen et al., 2014]. Further-
more, future research would benefit from including objective
listening tasks, as participants may underestimate or overes-
timate their responses on the Gold-MSI survey battery, po-
tentially skewing results. It is recommended for future work
using the Gold-MSI to account for sociodemographic and ob-
jective listening task differences to better compare participant
characteristics between studies. While this approach follows
previous works in the literature, we also note that con-
verting a continuous measure into a categorical variable
reduces information granularity and statistical power.

In addition, each task difficulty level used a different
song, meaning task difficulty may be confounded with
song selection. As Table 2 shows, the three experimental
songs differed not only in note density (0.82, 1.80, and 2.83
notes per second) but also in tempo (132, 170, and 100
BPM), number of walls and mines, musical genre, and
participant familiarity. Any of these characteristics could
have influenced CL and task accuracy independently of
the task difficulty level. We attempted to control fatigue,
by selecting songs of near-identical duration (3:09, 3:09,
and 3:06 minutes), but the remaining differences persist.
Finally, the task difficulty ordering used (from easy to
hard) introduces a clear learning and adaptation bias,
which should be noted as it certainly influenced the re-
sults. This experimental design was chosen in an effort to
minimize the difference between novices and experienced
players, since the higher task difficulty levels in rhythm
games are generally designed to be inaccessible for inex-
perienced people. Despite our efforts to minimize it, CL
still presented an inverse correlation with previous Beat
Saber experience (Figure 3-center), which indicates the
learning effect was not high enough to negate the expected
CL effect on novices.

Thus, future work should consider song features beyond
note count, such as angular variability, handedness alterna-
tion, or pattern complexity when assessing task difficulty.
In addition, other rhythm games could be included in
future research to better support the generalisability of
such findings, as other rhythm games may better capture
other skills required to establish high levels of musical
ability. Although not assessed, additional insight could be
derived from observing flow [Csikszentmihalyi, 1975], given
that qualitative statements from participants infer different
levels of challenge being appropriate for their current skillset.
Furthermore, in observing perceived mental demand within a
VR rhythm exergame task, there remains uncertainty in how
much participants’ performance influenced their reporting.
Future research is encouraged to explore the relationship be-
tween knowledge of performance and subsequent perceived
mental demand, in addition to examining the effects of each
VGDS item and accounting for self-efficacy regarding task
performance.
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7 Conclusion

In summary, this study explored the assumption that musical
training could explain the accumulation of CL and task accu-
racy in the VR rhythm exergame Beat Saber across different
task difficulty levels. This investigation found that changes
in task difficulty led to an increase in CL and a decrease in
task accuracy. While MT did not prove to be a significant
predictor of perceived mental demand in our study, it was a
significant predictor of task accuracy. These findings suggest
that although MT may not necessarily influence perceived
mental effort, it can still contribute to more accurate game-
play, possibly due to enhanced visuospatial processing or
motor coordination.

From a theoretical viewpoint, this study adds to CL litera-
ture by meeting assumptions of element interactivity through
a simple yet demanding commercial VR rhythm exergame
environment. Moreover, the findings support prior research
suggesting that domain-specific experience, in our context
digital games and Beat Saber, is linked to improved task accu-
racy and reduced perceived CL. Future research would benefit
from measuring constructs such as flow to provide further
insights, as qualitative responses pointed to their relevance
in shaping user experience. Thus, the present study offers an
initial basis for understanding how task difficulty, game expe-
rience, and individual differences contribute to variability in
CL and task accuracy, suggesting that musical training effects
may require more refined classification to fully capture their
impact in VR rhythm exergames.
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